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Description
Field of the invention

[0001] The present invention relates to a computer-implemented method for training a neural network to forecast
multivariate data in a forecast location in a network and further relates to a computer-implemented method for forecasting
multivariate data in a forecast location in a network.

Background of the Invention

[0002] Therise of smartdevices and Internet of Things (loT) applications has resulted in a significant increase in mobile
data traffic. To meet the growing demands and enhance user experience, cellular networks require infrastructure
upgrades. The advent of 5G technology addresses these needs by offering high-speed data transfer with low latency.
With the expansion of the 5G network, optimizing the utilization of network resources has become increasingly important.
Accurately predicting network traffic and performance is vital for improving the efficiency of network operators, service
providers, and equipment manufacturers. However, forecasting network demand is challenging due to its non-stationary
characteristics influenced by multiple factors or variables such as user mobility patterns, weather, and social events.
[0003] In general, forecasting of multivariate (i.e. multiple variable) data in a computer or telecommunications network
can also be complicated by missing data from a time series sequence of data, when one or more, or even all of the values
for variables are missing at some time points in the time series.

[0004] Itis therefore desirable to improve the accuracy of forecasting multivariate data using neural networks. It is also
desirable to enhance the accuracy of time series forecasting models when faced with data insufficiency caused by
irregular, missing records, without relying on data imputation techniques.

Summary of the Invention

[0005] Theinvention is defined in the independent claims, to which reference should now be made. Further features are
set out in the dependent claims.

[0006] According to an aspect of the invention there is provided a computer-implemented method for training a neural
network to forecast multivariate data in a forecastlocation in a network. The method comprises inputting a dataset from the
forecast location and one or more adj acent locations, the dataset comprising spatio-temporal characteristics of each
location and multivariate data recorded at each location, determining a longest time-series sequence length of the dataset
for which an occurrence frequency of the longest time-series sequence length appearing in the dataset is higher than a
threshold number of the dataset, a time-series sequence length indicating a total length of consecutive time steps with
complete data in the dataset, training a forecast location neural network based on the determined longest time series
sequence length to encode the multivariate data from the forecast location into a forecast location vector, training for each
of the one or more adjacent locations an adjacent location neural network based on the determined longest time series
sequence length to encode the multivariate data from each of the one or more adjacent locations each into an adjacent
location vector, combining the one or more adjacent location vectors into a combined adjacent location vector, composing
the forecast location vector and combined adjacent location vector into a final combined vector, and decoding the final
combined vector to generate a forecast from the dataset for the forecast location.

[0007] The method may further comprise determining one or more shorter time-series sequence lengths of the dataset
with respect to the longest time-series sequence length, repeating, for the one or more shorter time-series lengths, the
steps of training the forecast location neural network and the one or more adjacent location neural networks, combining
into a combined adjacent location vector, composing into a final combined vector, decoding to generate a forecast; and
once the neural networks are trained, determining an ensemble of the generated forecasts for each of the longest time-
series sequence length and the one or more shorter time-series lengths, to generate a final forecast for the forecast
location.

[0008] The network, that is the network for which the neural network is trained, may comprise a plurality of adjacent
locations. The combining one or more adjacent location vectors into a combined adjacent location vector method step may
comprise concatenating the adjacent location vectors into a concatenated location vector, and inputting the concatenated
location vector into a sequence of two multilayer perceptron layers, the output of a first multilayer perceptron layer being
input into a second multilayer perceptron layer.

[0009] The composing step, thatis composing the forecast location vector and combined adjacent location vector it the
final combined vector may comprise concatenating the forecast location vector and combined adjacent location vectors
into a final latent vector.

[0010] The composing step may further comprise inputting the final latent vector into a self-attention mechanism and
determining as an output the final combined vector. The self-attention mechanism or module or model, may take a vector
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(or tensor) as an input and output a vector (or tensor).

[0011] The decoding step of the method, that is decoding the final combined vector to generate a forecast from the
dataset for the forecast location may comprise training an output neural network based on the determined time series
sequence length to encode the final combined vector; and inputting hidden layers of the trained output neural network into
a time distributed dense layer to generate an output, wherein the output from the time distributed dense layer is the
forecast. The output neural network may be a long short-term memory (LSTM) neural network. The LSTM neural network
may be a bi-directional LSTM neural network.

[0012] The final combined vector may be replicated using a repeat vector unit or module or mechanism and each
replicated final combined vector may be decoded to generate a forecast at a different time point.

[0013] Each output (each replicated final combined vector) from the repeat vector unit may be input into a self-attention
mechanism. The output from the self-attention mechanism may be input into a neural network (for example a bi-directional
LSTM neural network) and each hidden layer of the Bi-LSTM may be input into a Time distributed wrapper to generate a
forecast at a different time point. Each output from the repeat vector may be used to generate a consecutive time step
forecast. A first output from the repeat vector may be used to generate a forecast one time step ahead of the input data. A
second output from the repeat vector may be used to generate a forecast two time steps ahead of the input data.
[0014] Thelongesttime-series sequence length of the dataset may be determined using alongest common continuous
frequent sequences algorithm, LCCFS. The LCCFS algorithm may comprise determining a number of data records in the
dataset with complete data, a data record comprising for example multivariate data recorded at each location at each time
step in the dataset, the number of data records may comprise all data records with complete data, setting the threshold
number from the complete data in the dataset, wherein the threshold number is preferably set as 50% of the complete data
in the dataset, determining length and occurrence frequency for each continuous common sequence in the multivariate
data, the length being a number of complete consecutive multivariate data in the dataset and the occurrence frequency
being a number of times the continuous common sequence occurs in the dataset and setting the continuous common
sequence in the multivariate data with an occurrence frequency above the threshold value as the longest time-series
sequence length.

[0015] The forecast neural network may be a Bidirectional long short term memory, BiLSTM, neural network.

[0016] Each of the adjacent location neural network(s) may be Bidirectional long short term memory, BiLSTM, neural
networks.

[0017] The output neural network may be a Bidirectional long short term memory, BiLSTM, neural network.

[0018] According to another aspect of the presentinvention there is provided a computer program which, whenrunona
computer, causes the computer to carry outa method for training a neural network to forecast multivariate data in a forecast
location in a network. The method comprises inputting a dataset from the forecast location and one or more adjacent
locations, the dataset comprising spatio-temporal characteristics of each location and multivariate data recorded at each
location, determining a longest time-series sequence length of the dataset for which an occurrence frequency of the
longest time-series sequence length appearing in the dataset is higher than a threshold number of the dataset, a time-
series sequence length indicating a total length of consecutive time steps with complete data in the dataset,, training a
forecast location neural network based on the determined longest time series sequence length to encode the multivariate
data from the forecast location into a forecast location vector, training for each of the one or more adjacent locations an
adjacent location neural network based on the determined longest time series sequence length to encode the multivariate
data from each of the one or more adjacent locations each into an adjacent location vector, combining the one or more
adjacent location vectors into a combined adjacent location vector, composing the forecast location vector and combined
adjacent location vector into a final combined vector, and decoding the final combined vector to generate a forecast from
the dataset for the forecast location.

[0019] According to yet another aspect of the present invention there is provided an information processing apparatus
for training a neural network to forecast multivariate data in a forecast location in a network comprising a memory and a
processor connected to the memory. The processor is configured to input a dataset from the forecast location and one or
more adjacent locations, the dataset comprising spatio-temporal characteristics of each location and multivariate data
recorded at each location, determine a longest time-series sequence length of the dataset for which an occurrence
frequency of the longest time-series sequence length appearing in the dataset is higher than a threshold number of the
dataset, a time-series sequence length indicating a total length of consecutive time steps with complete data in the
dataset,, train a forecast location neural network based on the determined longest time series sequence length to encode
the multivariate data from the forecast location into a forecast location vector, train for each of the one or more adjacent
locations an adjacentlocation neural network based on the determined longest time series sequence length to encode the
multivariate data from each of the one or more adjacentlocations each into an adjacent location vector, combine the one or
more adjacent location vectors into a combined adjacent location vector, compose the forecast location vector and
combined adjacent location vector into a final combined vector, and decode the final combined vector to generate a
forecast from the dataset for the forecast location.

[0020] According to yet another aspect of the present invention there is provided a computer-implemented method for
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forecasting multivariate datain a forecastlocation in a network. The computer-implemented method comprising inputting a
dataset from the forecast location and one or more adjacent locations, the dataset comprising spatio-temporal char-
acteristics of each location and multivariate data recorded at each location, providing a longest time-series sequence
length of the dataset for which an occurrence frequency of the longest time-series sequence length appearing in the
dataset is higher than a threshold number of the dataset, a time-series sequence length indicating a total length of
consecutive time steps with complete data in the dataset, using a pretrained forecast location neural network based on the
longest time series sequence length to encode the multivariate data from the forecast location into a forecast location
vector, using for each of the one or more adjacent locations a pretrained adjacent location neural network based on the
longest time series sequence length to encode the multivariate data from each of the one or more adjacent locations each
into an adjacent location vector, combining the one or more adjacent location vectors into a combined adjacent location
vector, composing the forecast location vector and combined adjacent location vector into a final combined vector,
decoding the final combined vector to generate a forecast from the dataset for the forecast location.

[0021] The dataset may be input by a user entry on a graphical user interface (GUI). For example, a user may set a
forecast date and/or a forecast time. A user may additionally or alternatively set a forecast feature. The forecast features
may include one or more of internet usage, calls in, calls out, smsin and sms out. The dataset may be stored in a computer
memory and retrieved for use in the forecast if specified by the user input. For example, the user may submit the selected
forecast date and/or forecast time, and forecast features using the GUI and the dataset may be retrieved from a computer
memory. The GUI may present the user with an option to input a dataset.

[0022] The longest time-series sequence length of the dataset may be provided by user entry on a graphical user
interface GUI. For example, the user may submit forecast criteria, such as forecast date, forecast time and/or forecast
features, into the GUI. The longest time-series sequence length may be stored in, forexample, a computer memory and the
user input may prompt the retrieval of the longest time-series sequence length. The user may provide the longest time-
series sequence length of the dataset through entry into the GUI. That is, the user may enter the longest time-series
sequence length into a text box of the GUI or may select the longest time-series sequence from a drop-down menu in the
GUL.

[0023] The generated forecast may be output on a graphical user interface (GUI). For example, a user may submit
forecast criteria and the GUI may generate, for example, a forecast map of the network. For example, the forecast map may
show a forecast of the forecast location. The forecast map may be notionally gridded such that each grid point shows a
different forecast location. Each grid point may be made up of a pixel of the forecast location.

[0024] The forecastdataset may be data from atelecommunications network such as a 5G network. Each grid or pixel, in
the forecast map may show a forecast for a base station or node or gNodeB (gNb).

[0025] The forecast data may be used to activate network resources. For example, depending on the result of the
forecast data, more or fewer network resources may be automatically made available. For example, the forecast data may
show high network demand and hence more base stations may be made available to handle the extra load. The opposite
case may also be true. That is, the forecast may show a predicted reduction in network usage and hence base stations
made be taken offline. Of course, other network resources may be controlled as a result of the forecast. The activa-
tion/deactivation of the network resources may be automatic.

[0026] Embodiments of another aspectinclude a computer program which, when executed by a teleconference device,
causes the teleconference device to execute a method of an embodiment. The computer program may be stored on a
computer-readable medium. The computer-readable medium may be non-transitory.

[0027] Embodiments of another aspect include a computer program which, when executed by a companion device,
causes the companion device to execute a method of an embodiment. The computer program may be stored on a
computer-readable medium. The computer-readable medium may be non-transitory.

[0028] The invention may be implemented in digital electronic circuitry, orin computer hardware, firmware, software, or
in combinations thereof. The invention may be implemented as a computer program or a computer program product, i.e. a
computer program tangibly embodied in a non-transitory information carrier, e.g. in a machine-readable storage device or
in a propagated signal, for execution by, or to control the operation of, one or more hardware modules. A computer program
may be in the form of a stand-alone program, a computer program portion, or more than one computer program, and may
be written in any form of programming language, including compiled or interpreted languages, and it may be deployed in
any form, including as a stand-alone program or as a module, component, subroutine, or other unit suitable foruse in adata
processing environment.

[0029] The invention is described in terms of particular embodiments. Other embodiments are within the scope of the
following claims. For example, the steps of the invention may be performed in a different order and still achieve desirable
results.

[0030] The skilled person will appreciate that except where mutually exclusive, a feature described in relation to any one
ofthe above aspects may be applied mutatis mutandis to any other aspect. Furthermore, except where mutually exclusive,
any feature described herein may be applied to any aspect and/or combined with any other feature described herein.
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Brief Description of the Drawings
[0031] Reference is made, by way of example only, to the accompanying drawings in which:
Figure 1 is an example of a known arrangement used for forecasting;
Figure 2 is an example of another known arrangement used for forecasting;
Figure 3 is yet another example of a known arrangement used for forecasting;
Figure 4 shows a flow chart for a forecasting method disclosed herein;
Figure 5 shows a flow chart for a longest common continuous frequent sequence method;
Figure 6 shows a training flow of a neural network architecture;
Figure 7 shows a functional block diagram of a neural network architecture;
Figure 8 shows another example of a training flow of a neural network architecture for forecasting data;
Figure 9 shows a flow chart for training an ensemble of models for forecasting;
Figure 10 shows a flow chart for testing an ensemble of models for forecasting;
Figure 11 shows example forecasts generated using a forecasting method utilizing an ensemble of neural networks;
Figure 12 is an example graphical user interface for instructing and displaying forecasts.
Figure 13 is a block diagram of an information apparatus, or computer device.
Detailed Description

[0032] Supervised deep learning (DL) models like Long Short-Term Memory (LSTM) neural networks and combined
Convolutional Neural Networks (CNNs) and LSTMS (called Conv-LSTM) have proven effective for time series forecasting
and have been applied to network traffic forecasting. Another popular module for forecasting is transformers. These
models can detect periodicity and seasonality in network traffic data, leveraging temporal patterns for predictions.
However, they do not account for the interdependencies between adjacent network cells, which can influence the traffic
of the cell under consideration. Additionally, the accuracy of these models relies on abundant historical network traffic data
for training, making them vulnerable to the problem of missing data. Traditional methods like imputation with mean or
median are ineffective for non-stationary data. Consequently, addressing extensive missing data in a non-stationary
context poses a significant challenge when using supervised data imputation techniques.

[0033] Forecasting network usage demands is important for network performance analysis and resource allocation.
Effective forecasting often requires historic records of long time series-sequences (data from a sequence of consecutive
time points). Practically obtaining longer time sequences is difficult and there will likely always be missing data in the time
series records. These data gaps are primarily caused by user mobility, faulty sensors (for example, faulty or missing cell
tower location signals orimprecise GPS sensor on the mobile device carried by the user), or intermittent network outages.
Known models may not be trained on the longer time series due to the missing data and hence forecasting accuracy drops.
Traditional data imputation techniques, such as mean or median imputation are commonly employed to handle missing
data in time series sequences. However, the inventors found that these techniques are not effective when dealing with 5G
data.

[0034] Disclosed herein is a proposed novel forecasting model for multi-step, multi-variate, and spatiotemporal time
series analysis. In order to address the issue of missing data, the inventors employed a dynamic approach to select
representative time step sequences from the dataset for modelling purposes. Specifically, in an example, a Longest
Common Continuous Frequent Sequences (LCCFS) algorithm is introduced to dynamically identify the most suitable
length of time series sequences for training the model. Also introduced is a method to incorporate spatial and local features
by considering the influence of neighbouring cells on the target cell, improving prediction accuracy in complex scenarios. In
an example, the inventors approach utilizes an encoder stack of Bidirectional-LSTM (BiLSTM) networks to capture the
impact of changes in neighbouring cells on the target cell. The BiLSTM outputs may be concatenated and a self-attention
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module may be employed to assess the influence of neighbouring cells. Furthermore, in an example, to achieve multi-step
and multi-variate forecasting, a RepeatVector available at Keras Team, "Keras Documentation: Repeatvector Layer,"
https://keras.lo/api/layers/reshaping layers/repeat vector/, accessed on May 6, 2023, a BiLSTM network, and a Time-
Distributed dense layer (TDL) available at "Keras Documentation: Timedistributed Layer," https://keras.io/api/layers/
recurrent layers/time distributed/, accessed on May 6, 2023 are used.

[0035] Figure 1 shows an example 100 of a method known in the art for data preparation for forecasting multivariate
data. A dataset taken from network usage in a city may comprise multi-variate, multi-step, spatiotemporal 5G time-series,
recorded data. However, such data often contains large numbers of missing or corrupted data records. In this example,
data has been taken from Telecom ltalia’s real-world dataset for Milan, ltaly available at G. Barlacchi, M. De Nadai, R.
Larcher, A. Casella, C. Chitic, G. Torrisi, F. Antonelli, A. Vespignani, A. Pentland, and B. Lepri, "A multi-source dataset of
urban life in the city of milan and the province of trentino," Scientific data, vol. 2, no. 1, pp. 1-15, 2015. The dataset is
represented inatable 110in Figure 1 and includes: network cell ID, day of the week, and call records (internet, SMS-in/out,
calls-in/out). The inventors found this dataset had up to 35% missing data entries. The table shows normalised values of
the data records for smsin, smsout, callin and callout, with 1 representing the maximum number of users and quantity of
data which can be handled. The internet data was recorded in bits/mb used in that time.

[0036] The dataset table in Figure 1 shows additional entries generated by the inventors including: day of observation
(day), time of the day (pod, ranging from 0 to 23 hours), indicator variable whether it's a working hour (9am to 5pm), holiday
indicator (indicating ifitis a national holiday, 0 not holiday and 1 is holiday), weekday indicator (is weekday, indicating if the
data was recorded on a weekday, 0 is not week day and 1 is weekday) and cell ID. Before implementing the known
technique, the inventors pre-processed the data. That is, the inventors tested known methods with data they pre-
processed.

[0037] Theknowntechnique usesanunsupervised method consisting of common statistical (e.g., mean, median, etc) or
interpolation strategies or unsupervised learning to impute missing data in a data set. As shown in Figure 1 the missing
data may be generated using a known unsupervised data imputation technique such as last valid observation, next valid
observation, interpolation, mean, median or mode. The data imputation techniques are utilized to fill in missing data,
however these data imputations are not the best proxy for missing data and add noising information to the existing data.
[0038] Theinventors plotted the results of the known data imputation techniques for forecasting the multivariate dataina
graph 120, titled "Data imputation Performance Average-MAE by taking 10 samples of size 1000 each". The inventors
used Mean absolute error as an indicator for the accuracy of the data imputation technique. The graph shows each of the
data imputation techniques above for varying percentages of missing data. The graph shows that generally the last valid
observation and next valid observation provided the lowest MAE and the mode generated the highest MAE. Furthermore,
the inventors found that for all imputation techniques the MAE increased as the percentage of missing data increased.
[0039] The accuracy of models using data imputation techniques are therefore very reliant on abundant historical
network traffic data for training, making them vulnerable to the problem of missing data. As the percentage of missing data
increases the error in the data imputation also increases, leading to inaccurate forecasts. That is, the data imputation
increases to a very high level if the percentage of noisy data increases. The inventors found that the imputation techniques
are not the best proxy for missing data and they add noisy information to the existing data. Hence using complete data with
all missing values filled with imputed data (but noisy entry added due to the imputation technique) may lead to poor
performance in forecasting multivariate, multi-step time series forecasting models.

[0040] Figure 2 shows an example 200 of another method known in the art for data preparation for forecasting
multivariate data. In this method a strategy is to use supervised learning to impute missing data. The inventors used the
same dataset as in the method above. As before, the multi-variate, multi-step, spatiotemporal 5G time-series, recorded
dataset may have up to 35% missing data. Previous methods utilize data imputation techniques to fill in missing data and
incorporate newly acquired data resulting from these imputation techniques. In this known technique, the missing data
may be imputed using a supervised data imputation technique. For example a Generative Adversarial network, GAIN,
framework, for example the GAIN disclosed in "Yoon, J., Jordon, J. and Schaar, M., 2018, July. Gain: Missing data
imputation using generative adversarial nets. In International conference on machine learning (pp. 5689-5698). PMLR."
may be used. Alternatively, in known methods a convolutional generative adversarial networks Conv-GAINS, such as the
Conv-GAIN disclosed in Adeli, E., Zhang, J. and Taflanidis, A.A., 2021. Convolutional generative adversarial imputation
networks for spatio-temporal missing data in storm surge simulations. arXiv preprint arXiv:2111.02823., may be used to
impute the data. Hence, the missing data in the dataset may be generated using any appropriate adversarial network
technique.

[0041] Supervised data imputation techniques require labelled training data for learning. Labelled training data may be
difficult to prepare for may data points and often requires a human input for verification. Hence, in some instances labelled
training data may not be available. Despite using labelled training data, the inventors identified that the missing data
imputed using the supervised models would introduce noise into the system and would show a very high error rate with an
increase in the percentage of missing data. As a result, multi-variate, multi-step time series forecasting using the imputed
data would perform poorly.
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[0042] Figure 2 shows a plot of a Mean absolute error of a forecast model using the GAIN and CONV-GAIN techniques
for data imputation. As with the previous method the graph shows "Data imputation Performance Average-MAE by taking
10 samples of size 1000 each". The inventors found that for all imputation techniques the MAE increased as the
percentage of missing data increases, with the highest MAE when there were 35% missing data records. Furthermore,
the graph shows that the Conv-GAIN imputation technique, with a lower MAE, generally performed more accurately than
GAINs. However, in both the unsupervised and supervised imputation techniques the inventors found that the multi-
variate, multistep time series forecasting models would perform poorly when the input data had a high number of missing
data entries.

[0043] Figure 3 shows a simple forecasting model 300 based on variants of Long short-term memory (LSTM) models
known in the art. In this method a neural network is used directly for forecasting. Various LSTM models are known in the art
for forecasting such as Single-shot LSTM networks 305 and Auto-regressive LSTM networks 310. In either case, the
inventors found that these models do not forecast accurately when the training records have missing data, and therefore
are trained with imputed data or sequence lengths that do not capture the temporal dynamics of the time series.
[0044] In the realm of 5G forecasting using deep learning (DL), researchers have explored various approaches to
improve prediction accuracy. Oliveira et al. available at T. P. Oliveira, J. S. Barbar, and A. S. Soares, "Computer network
traffic prediction: a comparison between traditional and deep learning neural networks," International Journal of Big Data
Intelligence, vol. 3, no. 1, pp. 28-37, 2016achieved better results with recurrent neural networks (RNN) compared to
stacked auto-encoders for Internet traffic prediction, however still used imputed data, thereby introducing unwanted noise
into the dataset.

[0045] Inanotherforecasting method, Wang etal. available atJ. Wang, J. Tang, Z. Xu, Y. Wang, G. Xue, X. Zhang, and D.
Yang, "Spatiotemporal 13odelling and prediction in cellular networks: A big data enabled deep learning approach," in IEEE
INFOCOM 2017-IEEE conference on computer communications. IEEE, 2017, pp. 1-9 combined an auto-encoder with a
long short-term memory (LSTM) network to consider spatial dependency but faced challenges with lossy representations
and capturing nearby cell dependencies. The inventors surprisingly found that the call data records (CDRs) for a forecast
location were dependent of CDRs for neighbouring cells. For example, if a user is travelling between locations in a city their
data may be transmitted to multiple nearby cells. The method in Wang et al failed to capture this dependency, thereby
leading to inaccuracy in the forecast. Furthermore, this known method used data imputation techniques, thereby
introducing noise into the dataset.

[0046] In yet further forecasting methods, Zhang et al. available at C. Zhang, H. Zhang, D. Yuan, and M. Zhang,
"Citywide cellular traffic prediction based on densely connected convolutional neural networks," IEEE Communications
Letters, vol. 22, no. 8, pp. 1656-1659, 2018 introduced a densely connected convolutional neural network (CNN) for
citywide traffic forecast, considering spatial and temporal dependencies. Recent work by Lin et al. available at J. Lin, Y.
Chen, H. Zheng, M. Ding, P. Cheng, and L. Hanzo, "A datadriven base station sleeping strategy based on traffic prediction,"
IEEE Transactions on Network Science and Engineering, 2021 proposed an intelligent data-driven base station (BS)
sleeping mechanism using a multigraph convolutional network (MGCN) to capture spatial information for spatiotemporal
cellular traffic prediction. They incorporated hourly, daily, and weekly periodic data into a multi-channel LSTM system to
extract temporal features. The MGCN-LSTM model outperformed other models in terms of forecast accuracy. In terms of
energy-saving approaches, Gao et al. available at Y. Gao, M. Zhang, J. Chen, J. Han, D. Li, and R. Qiu, "Accurate
loadprediction algorithms assisted with machine learning for network traffic," in 2021 International Wireless Commu-
nications and Mobile Computing (IWCMC). IEEE, 2021, pp. 1683-1688 presented load prediction models for traffic
anticipation in cells. They employed a linear ensemble model with sub-models using linear regression and regression tree
techniques, and trained the data with a residual convolutional neural network (ResNet) available at K. He, X. Zhang, S.
Ren, and J. Sun, "Deep residual learning for image recognition," in Proceedings of the IEEE conference on computer
vision and pattern recognition, 2016, pp. 770-778. While these previous works addressed spatio-temporal correlation in
time series forecasting, the existing methods do not adequately account for challenges arising from missing training
records in supervisory data. The use of dataimputation techniques in these known methods introduce noisy entries into the
dataset which lead to poor performance of the forecasting models. Furthermore, these models fail to capture the
dependency of neighbouring or adjacent cells on the central cell (or forecast location), a factor the inventors found to
have an effect on the accuracy of the forecast.

[0047] The method developed by the inventors forecasts spatiotemporal, multi-step, and multi-variate 5G usage time
series accurately by capturing important characteristics and leveraging the training data. Unlike traditional methods
relying on data imputation for missing records, the inventors’ approach doesn’t explicitly require such techniques. The
inventors’ algorithm identifies optimal time series patterns using "Time series step-size identification" and constructs a
deep learning model that integrates all factors for precise forecasting.

[0048] Figure 4 shows steps 400 for training a neural network to forecast multivariate data in a forecast location in a
network according to the inventors’ method.

[0049] In an inputting step S10 a dataset from a forecast location and one or more adjacent locations is input into the
model. The dataset comprises spatio-temporal characteristics of each location and multivariate data recorded at each



10

15

20

25

30

35

40

45

50

55

EP 4 560 532 A1

location.

[0050] Theinventors utilized Telecom Italia’s real-world dataset for time series forecasting of cellular traffic data in Milan.
The dataset spans an 11-week period and consists of millions of call data records (CDRs) sampled at 10-minute intervals.
However, of course any suitable dataset may be used.

[0051] The CDRsinthe Telecom ltalia’s dataset contain eightfeatures related to cellular network usage, including CelllD
(cellular site identifier), Datetime, Smsin (incoming SMS count), SmsOut (outgoing SMS count), Callln (incoming call
count), CallOut (outgoing call count), and Internet (internet activity). Milan’s city map is divided into 100 X 100 areas, each
covering 0.05 km2, and the dataset’'s CDRs are spatially aggregated based on the coverage area of the processing base
station. Despite substantial missing data records, researchers have successfully utilized this dataset for predicting future
network traffic and studying cellular network dynamics. lts significance extends not only to 4G networks but also to 5G and
beyond, making it an invaluable resource for time-series forecasting in the realm of cellular networks.

[0052] In step s10 the data may be prepared or pre-processed before being input into the model. For example, the
original Milan dataset used by the inventors was initially collected at 10- minute intervals, but forecasting at this level of
granularity may lead to network instability or excessive overhead. To overcome these challenges, the inventors resampled
the data by aggregating the traffic on an hourly basis. For training the proposed learning model, the inventors extracted
multiple features from the Milan dataset. In addition to the original network features such as network cell ID, day of the
week, and call records (internet, SMS-in/out, calls-in/out), the inventors included six additional specially selected features.
These features encompassed the day of the observation, time of the day, indicator variable whether its a working hour (9
am to 5 pm), holiday indicator, weekday indicator, and cell ID. The units of the processed data set used in this method are
the same as the dataset discussed in relation to Figures 1 and 2. The inventors found that introducing the additional
features improved the forecasting accuracy of the model, however, of course any number of variables available in the
multivariate data may be used.

[0053] To preprocess the continuous variables, the inventors applied clipping to handle outliers by setting the threshold
atthe 95th percentile. Following that, they performed min-max standardization to scale the variables within the range of 0 to
1. The inventors time series forecasting analysis considered the correlation between the call data records of the targeted
cell, that is the forecast location, and its adjacent (neighbouring) cells. The inventors found that accounting for all eight
neighbouring cells surrounding each cell was preferable and produced the highest accuracy forecasts. However,
capturing the effect of the dependency of one or more adjacent cells (or adjacent locations) also improved the forecasting
accuracy for the forecast location. In situations where cells were located at corners or sides and lacked all eight
neighbouring cells, the inventors employed zero-based padding to prepare the time series data. For the neural network,
the inventors provided the original five features from each of the eight neighbouring cells as inputs. Additionally, for the
central cell (CO), all 11 features, incorporating the six selected features were used.

[0054] Inadetermining step S20, a longest time-series sequence length of the dataset is determined. The time-series
sequence length indicates a total length of consecutive time steps with complete data in the dataset, with an occurrence
frequency of the longest time-series sequence lengths appearing in the dataset being higher than a threshold number of
the dataset.

[0055] Theinventorsdeveloped a method of "Longest Common Continuous Frequent Sequences" (LCCFS)toidentify a
longest time-series sequence length in the dataset. More details of the LCCFS are provided in relation to Figure 5 below.
[0056] Inatraining step S30 aforecastneural network s trained based on the determined time series sequence length to
encode the multivariate data from the forecast location into a forecast location vector. For example, the inventors used a
Bidirectional Long short-term memory (Bi-LSTM) recurrent neural network, but of course any appropriate neural network
may be used. For example, an appropriate neural network may be another recurrent neural network.

[0057] A bidirectional Long-short term memory (BiLSTM) model is a type of recurrent neural network (RNN) that can
learn long-term dependencies in sequence data. It does this by using two LSTMs, one that reads the sequence from left to
right and the other that reads it from right to left (that is, one LSTM reads the sequence forwards in time, and one reads the
sequence backwards in time). The outputs of the two LSTMs are then combined to give a representation of the sequence
that takes into account both the past and the future.

[0058] TheBiLSTMis updated intwo directions: forward and backward. The forward LSTM reads the sequence from left
toright, and the backward LSTM reads the sequence from right to left. The outputs of the two LSTMs are then combined to
give a representation of the sequence that takes into account both the past and the future. The BiLSTM is updated using,
for example, a backpropagation algorithm. Backpropagation is an algorithm that is used to update the weight of a neural
network in order to minimize a loss function. In the case of the BiLSTM, the loss function is the error between the predicted
output of the BiLSTM and the actual output in the sequence (for example determined using Mean absolute error).
[0059] The functionality of the BILSTM can be shown as follows:

hy = LSTMforward(xtr h{t—l}) (1D
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gt = LSTMbackward(xtr g{t+1}) (2)

y: = f(concatenate(h,, gr)) (3)

[0060] Here x;represents the input at time step t, h; represents the hidden state of the forward LSTM at time step t, g;
represents the hidden state of the backward LSTM at time step t, h{,_1} represents the hidden state of the forward LSTM at
the previous time step t-1 and Git+1) represents the hidden state of the backward LSTM at the next time step t+1.
[0061] LSTMq, . arg @Nd LSTM,cvarg denote the LSTM functions for forward and backward directions, respectively.
‘concatenate’ is the operation that concatenates the outputs of the forward and backward LSTMs. 'f is the activation
function that transforms the concatenated output into the final output y;. The Bidirectional LSTM processes the input
sequence x;from left to right with the forward LSTM and from right to left with the backward LSTM. The final output y,goes to
the next layer.

[0062] Inatraining step S40, foreach ofthe one or more adjacentlocations an adjacentlocation neural network is trained
based on the determined time series sequence length to encode the multivariate data from each of the one or more
adjacent locations each into an adjacent location vector. As above, for each of the adjacent location neural networks the
inventors trained a BiLSTM neural network.

[0063] In a combining step S50 the one or more adjacent location vectors are combined into a combined adjacent
location vector. In an example with more than one adjacent location, the combining step may comprise concatenating the
adjacent location vectors for each adjacent location into a concatenated location vector. The concatenated location vector
may be inputinto a sequence of two multilayer perceptron layers, the output of a first multilayer perceptron layer being input
into a second multilayer perceptron layer. The inventors found that the multilayer perceptron layers may capture the
influence of neighbouring cells on the central cells in a subsequent stage.

[0064] The skilled person would understand thatin an example with one adjacent location vector, the combing step may
combine, or transform, the one adjacent location vector into the combined adjacent location vector. For example, the one
adjacent location vector may be passed through the multilayer perceptron layers with the output being the combined
adjacent location vector.

[0065] Inacomposingstep S60 the forecastlocation vector and combined adjacentlocation vector are composed intoa
final combined vector. The forecast location vector and combined location vector may be composed into the final combined
vector by concatenating the forecast location vector and combined adjacent location vectors into a final latent vector. The
composing may further comprise inputting the final latent vector into a self-attention mechanism and determining as an
output the final combined vector.

[0066] Inadecoding step S70 the final combined vector may be decoded to generate a forecast from the dataset for the
forecastlocation. The decoding step may comprise training an output neural network based on the determined time series
sequence length to encode the final combined vector, and inputting hidden layers of the trained output neural network into
a time distributed dense layer to generate an output, the output from the time distributed dense layer being the forecast.
[0067] The output neural network may be a BiLSTM neural network. Hence, each hidden layer input into the Time
distributed layer may be a hidden layer of the Bi-LSTM neural network. The skilled person would understand that the
forecast generated by the Time distributed dense layer may be used to train each of the above neural networks, that is the
forecast location neural network, each of the adjacent location neural networks and the output neural network. For
example, in a first training run the neural networks may be assigned random weights and the multivariate time series data
inputinto them. The forecasting method may then generate a forecast. The generated forecast may then be used to inform
a backpropagation step for training each of the neural networks. For example, the generated forecast be used to calculate
a mean absolute error for backpropagation. More detail of backpropagation is given in connection with Figure 6 below.
[0068] The final combined vector may be replicated using, for example, a repeat vector unit and each replicated final
combined vector may be decoded to generate a forecast at a different time point. Using such a method, a multi-step
forecast may be generated. That is, the method may be used to generate a forecast for a time step t+1 and a time step t+2.
[0069] The inventors found that the accuracy of the forecast may be improved by training more than one model using
different time-series sequence lengths. For example, the forecasting method may further include determining one or more
shorter time-series sequence lengths of the dataset and repeating, for the one or more shorter time-series lengths, the
steps of training the forecast locations neural network and the one or more adjacent location neural networks, combining
into a combined adjacent location vector, composing into a final combined vector, decoding to generate a forecast. Once
the neural networks are trained, an ensemble of the generated forecasts for each of the longest time-series sequence
length and the one or more shorter time-series lengths may be determined to generate a final forecast for the forecast
location. That is, for example, an ensemble of each of the trained models may be taken and the output of the ensemble
used as a forecast. The ensemble may be a weighted average ensemble determined using, for example, a grid search
method.
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[0070] Figure 5shows steps 500 for determining a time series step-size for training the neural network model. The time
series step size defines the total length of a consecutive time series sequence. The inventors found that using the longest
time series step size defined by the LCCFS for training provided accurate forecasts. To determine the appropriate length
forthe time series step size, the data for each date may be partitioned into 24-hour chunks, considering the model design to
forecast on a daily basis. However, due to the presence of 35% missing records in the Milan dataset, the inventors found it
was not feasible to utilize complete 24-hour step sizes. To overcome this challenge, the inventors identified the "Longest
Common Continuous Frequent Sequences" (LCCFS).. Essentially, these sequences comprise of longest consecutive
time steps without any missing records in between.

[0071] Example details of the LCCFS process are as follows:

In adetermining step s100, a number of data records with complete data may be determined. A data record may comprise,
for example, multivariate data recorded at each location at each time step in the dataset.

[0072] Letdrepresentadaynumber, with1<dandlettrepresentthe hourofthe day, with 1 <t<24.Now, considering that
K% of the data may be missing in total, based on the values of d and t, the total number of data records with complete data
(that is, valid time series records) may be determined using the following equation:

) K
|valid_records| = (d X t) (1 — m) 4)

[0073] Inasetting step s110, a threshold number may be set from the complete data in the dataset. For example, in the
proceeding steps for determining a longest continuous common sequence, an occurrence frequency of a time-series may
be compared to the threshold number set from the complete data. The inventors found through an empirical method that,
with 35% missing data, setting a threshold number as 50% of the complete data (for example 12, in a single day data set
uses the figures above) generated the most accurate forecast. Of, course, the threshold number may vary depending on
the percentage of missing data in the dataset.

[0074] Inaseconddeterminingstep s120, alength and occurrence frequency for each continuous common sequencein
the multivariate data may be determined. The length may be a number of complete consecutive multivariate data in the
dataset and the occurrence frequency the number of times the continuous common sequence occurs in the dataset.
[0075] An example of determining the length and occurrence frequency is as follows. Let D; represent the data
corresponding to the /" day, where 1 < i < (Total number of days). Additionally, let Hd=,,,=1, Hd:i,t=2! Hdz,-,t=24 denote
the hours for the ith day.

D, = {Hdzi,tzlr Hd:i,t:zr ey Hd:i,t=24} (5)

where, as before, d represent a day number, with 1 < d and let t represent the hour of the day, with 1 <t <24.

[0076] However, duetothe presence of missing data, some of Hy_; (-1, Hy=j =0, - » Hy=j =04 May contain null (or missing)
values, which can be spread across all the dates. The inventors scanned all the records of all the dates to obtain a list of all
continuous common sequence along with their occurrence frequency (and the total percentage of valid time series records
(i.e., the records where H, ;is not null) may also be obtained). Let the length of a continuous common sequence of hourly
records without any missing or null values be denoted by L, where 1 <L - <24. The list of all time series sequences with a
step size of w may be denoted by S, -=w and be given by:

Spe=w
= {{Hd=i,t=1r Hd=i,t=2' ey Hd=i,t=w}r {Hd=i,t=2' Hd=i,t=3r ey Hd=i,t=w+1}r ey
{Hazit=mopzay Hamit=ropzasay - Hdzi,tz(h%24+w)}} (6)

where 1<h<24. The count of the number of time series sequences with a step size of wmay be furtherrepresented as |S,
= W]. To obtain the LCCFS, the inventors calculated all S,  for each value of LC and determined their respective counts |
Scel-

[0077] In a setting step s130, the (longest) continuous common sequence in the multivariate data with an occurrence
frequency above the threshold value may be set as the longest time-series sequence length. Valid time series records,
excluding missing data, may be determined based on the percentage K% of missing data. For example, the selection
based on the LCCFS may apply the following steps.

1) For all values of w, check S, . = w and discard the records if [SLC=w| is less than 50% of |valid records).
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2) From the remaining list of time series, select the list of time series from SLC having the highest value of w. Suppose
w’ is the highest value of w after elimination applied in the previous step. In this example, this results in the selection of
list of time series S; .=w’ as LCCFS.

[0078] In this example, the inventors used a Longest common continuous frequency sequence to determine a longest
time-series sequence length of the dataset. However, of course other methods may be used to determine an appropriate
length for the longest time-series sequence.

[0079] Theinventorsfound thatwith the Milan dataset, the computed LCCFS size was 7. In terms of the multi-step model
design perspective, the best model employed the initial five time series steps for training and the subsequent two
continuous sequences for forecasting. From the longest time-series sequence length, the inventors were able to acquire a
strong understanding of time series patterns and enable effective predictions. In an example method using three neural
network models with different time series sequence lengths, the highest sequence length from LCCFS was obtained for
sequence length 7. The second highest for sequence length 6 and third highest for sequence length 5. The inventors
utilized all first three ranks of LCCFS of these sequence length for designing the ensemble of the system disclosed herein.
[0080] Figure 6 shows a training flow 600 of the neural network architecture disclosed herein for accurate multi-variate
time-series forecasting. For a clearer comprehension of the architecture and the specific roles of each component, the
workflow has been partitioned into three distinct notional modules, as shown in Figure 6.

[0081] Module 1:In afirst module, the impact of time series features from eight neighbouring cells on a central/targeted
cellmay be examined. As discussed above the inventors used the Milan dataset and investigated multivariate time-series
data associated with 5G network usage. Of course, this method may be applied to any multivariate data. The inventors
assumed that changes in 5G network usage requirements for each cell Cj (where 1 <j < 8) over time may influence the
forecast for the targeted cell (or target location) CO. To account for the influence of each adjacent neighbouring cell Cj (or
adjacent locations), where (1 <j < 8), on CO, the inventors utilized a stack of neural networks. In this example the neural
networks used by the inventors were a stack of BiLSTM networks 610, 615a-615g (that is, recurrent neural networks).
However, any suitable neural network may be used. The inventors found that the BiLSTM encoders effectively capture
temporal dynamics and encode neighbourhood data for accurate forecasting in multivariate-multistep time series
scenarios.

[0082] As discussed in relation to Figure 4, a dataset comprising spatiotemporal characteristics of each location and
multivariate data recorded at each location may be input. Data for one or more adjacent locations may be input along with
data for a forecast location. The inventors found that the most accurate forecasts for a forecast location may be generated
when all immediate adjacent locations were considered. That is, accurate forecasts may be generated when the dataset
included data for the 8 neighbouring locations of a forecast location.

[0083] The datasetused by the inventors, and as discussed in relation to Figures 1 and 2, had been taken from Telecom
Italia’s real-world dataset for Milan, Italy. A section of the dataset is represented in the table in Figure 1 and includes the 5
features: network cell ID, day of the week, and call records (internet, SMS-in/out, calls-in/out). The inventors found this
dataset had up to 35% missing data entries. The table shows normalised values of the data records for smsin, smsout,
callin and callout, with 1 representing the maximum number of users and quantity of data which can be handled. The
internet data was recorded in bits/mb used in that time.

[0084] The datasettablein Figure 1 shows 7 additional entries generated by the inventors including: day of observation
(day), time of the day (pod, ranging from 0 to 23 hours), indicator variable whether it's a working hour (9am to 5pm), holiday
indicator (indicating ifitis a national holiday, 0 not holiday and 1 is holiday), weekday indicator (is weekday, indicating if the
data was recorded on a weekday, 0 is not week day and 1 is weekday) and cell ID.

[0085] The dataset may be processed as discussed in relation to Figures 4 and 5. That is, a longest time-series
sequence length of the dataset may be determined. The longest time-series sequence length of the dataset may be
determined using a "Longest common continuous frequent sequence" (LCCFS) as described in relation to Figure 5. Using
the Milan dataset, the inventors determined the LCCFS as a 7-hour series.

[0086] Let X; = (xj1,xj2,---,xj,-,---,xj,,) be the input sequence representing the features from cell Cj, where xj,-denotes the
feature list (i.e., the data) at the " time step. Further let the total number of time steps be denoted as n. For the adjacent
neighbour cells (or locations), the inventors considered the 5 features originally available in the dataset, k = 5 features,
available at each time step. For the forecast location, (that is the central cell), the inventors considered the 5 original
features available in the dataset and also considered the 6 additional features they generated. Hence, for the central cell
CO0 the value of k= 11.

[0087] For each of the adjacent locations C1-C8, the inventors trained a neural network (which may be called adjacent
location neural networks and in this example were Bi-LSTM model,) based on the determined time series sequence
lengths to encode the multivariate data from each adjacent location into an adjacent location vector.

[0088] When the sequence xjis passed through a BiLSTM layer, the output may be represented as hj= (hj,- ---,hj,- ---,hjn),
where hj,- is the output at time step / and may be computed as:
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hji = [= Wi; « hji] (7)

where, — h;; is the forward hidden state at time step /, and « h;; represents the backward hidden state at time step /.
[0089] The inventors utilized the output of the last layer of BILSTM, that is an adjacent location vector for each of the
adjacent cells, as the impact of cell's 5G Network usage. Furthermore, the last hidden layer of the Bidirectional Long
ShortTerm Memory (BiLSTM) denoted as h;,, which serves as the output of the BiLSTM stack, was used. The inventors
combined each of the adjacent location vectors into a combined adjacent location vector.

[0090] Forexample the outputs of the Bi-LSTM models which may be denoted as yn,Cjfor all 1 <j<8, may be combined
by a concatenation step 620 to form a single vector in the subsequent step. The concatenation operation inherently
captures the spatial arrangement of neighbouring cells through its fixed order of arrangement. The concatenated output

vector may be represented as x’, and given as

x' = concat (Ymc1 Ymezr = Ymes)  (8)

Furthermore, the combining step may comprise inputting the concatenated location vector into a sequence of two
multilayer perceptron layers, the output of a first multilayer perceptron layer being inputinto a second multilayer perceptron
layer. For example, the inventors passed the vector x’through a sequence of two multilayer perceptron (MLP) layers. The
inventors found that this may capture the influence of neighbouring cells on the central cells in a subsequent stage.
[0091] The output Y’ after the first perceptron layer may be computed as:

Y' = FWx + b)) (9)

where W= (w1’,w2’, ..., wn’)isaweight vectorand b’ is a scalar bias term and the frepresents the activation function. In this
example the inventors used the SelLu activation function, available at D. Pedamonti, "Comparison of non-linear activation
functions for deep neural networks on mnist classification task," arXiv preprintarXiv:1804.02763, 2018. The output Y’ from
this layer may be further given to a second perceptron layer, which may do a similar operation as in equation 9 resulting in
an output Y'".

[0092] Similarly, for the forecast location (i.e., the central cell C0), the inventors trained a neural network (which may be
referred to a forecast location neural network and in this example is a Bi-LSTM model 610) based on the determined time
series sequence lengths to encode the multivariate data from the forecast location into a forecast location vector. The
temporal influence of the 5G usage features in the dataset and other factors may be utilized. An objective was to capture
the impact of temporal changes in 5G usage on the central cell and predict its future 5G data usage. To achieve this, the
inventors utilized the BILSTM layer 610 by inputting the central cell’s feature. By using the same type of BiLSTM layer as
described before, the output of the last block (yi,Cn) specifically for the central cell (ym,C0) was determined.

[0093] Inacomposing step the forecastlocation vector and combined adjacent location vector may be composed into a
final combined vector. For example, to compose the forecast location vector and combined adjacent location vectors into a
final combined vectors the inventors used a concatenation operation 640. The output Y" and the output of the last block of
the BiLSTM model ¥; cn Were concatenated into a single vector. Let zrepresent the concatenation of both outputs as given
in equation 7.

z = concat (Y ", y;c.) (10)

[0094] The final combined vector may be replicated using a repeat vector unit 650. For example, the repeat vector unitis
shown as a second notational module in Figure 6.

[0095] Module 2: This module of the architecture incorporates the RepeatVector unit to expand the output of the
forecasting model for multi-step forecast. By utilizing a RepeatVector operation, the output obtained from equation 10 in
module 2 may be replicated r times. Hence, given an input with, for example, z € R1*1, the RepeatVector operation may
produce Zrepeat as shown below:

Zrepeat = RepeatVector(z,r) = [Z(l),Z(Z),' SWACKE ',Z(r)] € R™T (11)

[0096] Here, each element z(/) within the matrix Zrepeat corresponds to the original vector z. The inventors used the
model to forecast the output for two consecutive time-steps. That is, for example, given an input at time t, the model may
predict a forecast for times t+1 and t+2. Hence, as the model was set to predict two consecutive time-steps, the value of r
was set to 2. Of course, the model may be used to predict less than two consecutive time steps (i.e., one time step) or more
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than 2 consecutive time steps.

[0097] Composing the forecast location vector and combined adjacent location vectors into the final combined vector

may additionally comprise inputting the single vector (for example the concatenated vector z in equation 10) into a self-

attention mechanism 660a, 660b and determining as an output the final combined vector. The self-attention mechanism

660a 660b is shown as part of a notional module 3 in Figure 6. The skilled person would understand that the number of self-

attention mechanism used may depend on the number of repeat vectors. For example, if a single time-series is forecast a

single self-attention mechanism may be used. In this example, two consecutive time-steps are predicted. Hence, two self-

attention mechanisms are shown in Figure 6.

[0098] Module 3: In this particular module of the architecture, a self-attention layer may be employed to facilitate and

enhance the multi-variate time-series forecast in the final output. The self-attention layer, originally proposed in A.

Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez,L. Kaiser, and |. Polosukhin, "Attention is all you

need," Advances in neural information processing systems, vol. 30, 2017, may be used to evaluate the importance of the

features computed in the preceding stages by utilizing learned attention weights.

[0099] In this example with two vectors generated from the repeat vector operation, each vector z/ within the Zrepeat
(®)

matrix underwent a self-attention operation, resulting in the calculation of context vectors l for each of the n

elements in z() as follows:

n

WO =Y an®)  (12)
k=1

®
[0100] Here ~™™ denotesthe mt"elementof z(). Further, the attention weight ¢, ,,() is assigned to the /! element of the
input sequence when computing the mth element of the context vector is determined through a softmax function applied to
a set of learned attention scores. These attention scores, for example, quantify the similarity between each pair of
elements in the input sequence. The calculation of attention weights may be defined as follows:

;Y = softmax (score(zl(i),zr(,?» (13)

score(zl(l), Z,(,?)
[0101] Here in equation 10, represents a learned function that computes a similarity score
between the th and mih elements of the input sequence. The inventors used a score function which employed a scaled dot

product, which may be expressed as follows:

score(zl@),z,g?) = (zl(L) W guery) © (W key zS) (14

[0102] In this expression, W’que,y and W’key denote learned weight matrices that project the input sequence into the
query and key spaces, respectively.

[0103] The final combined vector may be decoded in a decoding step to generate a forecast from the dataset for the
forecast location. The decoding step (or decoding module) may form part of the notional module 3 shown in Figure 6. For
example, the decoding step may include training a neural network based on the determined time series sequence length to
encode the final combined vector; inputting each hidden layer of the trained neural network into a time distributed dense
layer 680a, 680b to generate an output, the output from the time distributed dense layer being the forecast.

@

[0104] Inthis example, the outputs ! obtained from the self-attention layer are passed through a stack of BILSTM
layers 670a, 670b. Thatis, the neural network used by the inventors was a BiLSTM neural network. Of course, any suitable
neural network may be used. However, in contrast to the previous BiLSTM layers (i.e. the Bi-LSTM layer used in the
notional module 2), all the hidden layers of this BiLSTM layers may be collectively provided as input to a subsequent
TimeDistributed dense layer (TDL) 680a, 680b . The inventors found that an inclusion of the TDL may further enhance the
prediction of multivariate features by independently processing the hidden layer outputs for each time step.

[0105] In this example, within the TimeDistributed dense layer (TDL), the hidden state outputs
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are processed individually. Each element at time step /was passed through L
®
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dense layers with shared learnable parameters 4, resulting in an output computed as follows:

y$ =1 (£(n:0)) (5)

[0106] Here, frepresents an optional activation function, where, for example the inventors used SeLU. Furthermore, in

this example the value of L was setto 5.. The value 5 was chosen as a design parameter. The inventors repeated this
operation defined in equation 1 above repeated for all / in the range of 1 to K, where K represents the total number of
variables in the multi-variate output. In an example where a vector repeat operation has been used, as discussed above,
the entire operation described in this module may be repeated for all r vectors in Zrepeat.

[0107] Hence, in this example the proposed system utilizes a sequence of length n as the input. Each element in this
sequence may comprise 11 features from a central target cell CO and 5 features from each of the eight neighbouring cells
(C1 to C8) till a time ‘t’ . From this given input, the proposed system may forecast the network usage of CO for the
subsequent two time steps (f + 1 and t + 2) for five usage variables: smsin, smsout, callin, callout, and internet.
[0108] The inventors trained the neural network using backpropagation techniques. Mean Absolute Error (MAE) is a
widely used metric to assess the accuracy of time series forecasting models (see T. Chai and R. R. Draxler, "Root mean
square error (rmse) or mean absolute error (mae)?-arguments against avoiding rmse in the literature," Geoscientific
model development, vol. 7, no. 3, pp. 1247-1250, 2014. It measures the average absolute difference between each
predicted value and its corresponding actual value. The formula for MAE in time series forecasting is:

n

1 o
MAE = EE'Y" - 7| (16)

i=1

[0109] Here, nisthe total number of observations in the dataset, Y;represents the actual value of the i-th observation, \?1
represents the predicted value of the i-th observation, 1.1 denotes the absolute value function, and X indicates the sum of
the absolute differences between the predicted and actual values across all observations.

[0110] Totrainthe neural network, the computed MAE loss was back-propagated through the system and the weights of
each neural network in the system were optimized through an ADAM based optimizer based on stochastic gradient
descent. For example, the training progress was monitored, and the process was halted if the MAE improvement was less
than or equal to 0.01 for five consecutive epochs. The last saved model was chosen as the final model. Of course, other
training regimes may be used to train the neural network.

[0111] Inthis example, the architecture of a single neural network model and training method for that method has been
described. However, the inventors found that multiple neural network models may be trained, and an ensemble taken to
improve the accuracy of the forecast. Example methods for training an ensemble of neural network models are given in
connection with Figures 8 and 9 below.

[0112] To train the neural network model the inventors used multivariate data, in this case taken from the Milan dataset.
To use the multivariate data in training, an assumption that complex relations between multiple time-series was made. To
emphasize the relationships among multiple time-series, the problem of multivariate time-series forecasting based on a
data structure called multivariate temporal graph was formulated (in this case the inventors selected it as a case of non-
Euclidean learning. The graph may be denoted as

G=XW) (17)
— e NXT
where, X = {xlf} eR stands for the multivariate time-series input, where N is the number of time-series
(nodes), and T is the number of timestamps.
T NXxN
[0113] The observed values at timestamp t may be denoted as Xt € R . WeR is the adjacent matrix,

where w;; > 0 indicates that there is an edge connecting nodes i and j, and w; indicates the strength of this edge.
[0114] Givenobserved values of previous K timestamps, X, ..., X;.4 the task of multivariate timeseries forecasting aims
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to predict the nodes values in a multivariate temporal graph G = (X, W)for the next H timestamps, denoted by 5(,,5(,+k, Xt
+H-1- These values can be inferred by the forecsting model M with parameter ¢ and a graph structure G, where G can be
input as prior or automcatically inferred from data.

Ko Revier oo Xesn1 = F(Xicp s oo X1 G @) (18)

[0115] Accurately predicting 5G network usage may be useful for efficient network resource allocation and high-quality
service delivery. However, dynamic usage patterns, nonstationary usage distribution, and the presence of a high amount
of missing data make forecasting future network usage statistics challenging. To address these challenges, the inventors
propose a neural network based time series forecasting approach which may handle multistep, multi-variate, and
spatiotemporal time series forecasting problems. The proposed approach may scan the data for continuity of time-steps
and identify an optimal sequence length in order to address the issue of missing records in supervisory data. It may use
separate BiLSTM layers to capture the impact of temporal 5G data usage changes in adjacent networks. Further, it may
utilize adjacent cell’s impact captured in permutationally invariant ordering for the central/targeted cell. In examples
disclosed herein, the learning techniques used to capture the impact of changes in neighbouring cells on the target cell and
for multi-step and multivariate forecasting are: Self-attention, a RepeatVector, a BiLSTM network, and a Time distributed
dense layer. The proposed approach outperforms existing state-of-the-art methods on the Milan dataset and may improve
forecast accuracy in various applications, including network traffic forecasting.

[0116] Figure 7 shows a functional block diagram 700 of a neural network architecture for multivariate time-series
forecasting. The neural network architecture in Figure 7 may be the same or substantially the same as the neural network
architecture discussed in Figure 6 above.

[0117] In a first input block 705a, 705b, input data may be loaded into the system. As above, the data used by the
inventors was taken from the Milan dataset. For the forecast location, the 5 features in the dataset were input along with 6
further selected features. For each of the neighbouring cell, the 5 features in the Milan dataset were input.

[0118] The inputdata may be inputinto an Encoder unit 710, 715. For example, the forecast location data may be input
into an Encoder unit 1 710. The Encoder unit 1 may consist of a neural network such as the BiLSTM neural network
discussed in relation to Figure 6. The Encoder unit 1 may encode the input features of the forecast location (or central cell)
into a forecast location vector.

[0119] Similarly, foreach of the adjacentlocations (e.g., the neighbouring cells), an Encoder unit 2 may encoder the input
features (e.g., the call data records, CDRs), each into adjacent location vectors. As before, the Encoder unit 2 may consist
of BiLSTM layers for each of the adjacent locations.

[0120] Outputsfromthe Encoderunit 1 and Encoder unit2 may be inputinto a concatenation layer 720. For example, the
output of the Encoder unit 1 may be a forecast location vector. The output of the Encoder unit 2 may be adjacent location
vectors for each of the adjacent cells. The adjacent cell vectors may be combined, using, for example concatenation, into a
concatenated location vector. The concatenated location vector may be input into a sequence of two multilayer perceptron
layers, the output of a first multilayer perceptron layer being input into a second multilayer perceptron layer. The second
multilayer perceptron layer may out a combined adjacent location vector.

[0121] The concatenation layer 720 may further compose the forecast location vector and combined adjacent location
vector into a final combined vector. That is, the concatenation layer may concatenate the forecast location vector and
combined adjacent location vector into a final latent vector.

[0122] Inanexample where consecutive multi-step time-series are forecast by the model, the final latent vector may be
input into a repeat operation unit (not shown), for example, the repeat operation discussed in relation to Figure 6. The
repeat operation unitmay repeat the input vector a number rtimes. For example, the number of repeats may depend on the
number of time-steps the model is to forecast.

[0123] The final latent vector (or final latent vectors if a repeat operation is used) may be input into a self-attention unit
730. For example, the self-attention mechanism may be the self-attention mechanism discussed in relation to Figure 6.
The self-attention mechanism may be employed to facilitate and enhance the multi-variate time-series forecast in the final
output. For example, the self-attention layer may be used to evaluate the importance of the features computed in the
preceding stages by utilizing learned attention weights and may enhance correlation features from Encoder unit 1 to
enhance the Encoder unit 2 output. In an example with repeat vectors, each repeat vector may be input into a self-attention
mechanism in the self-attention unit.

[0124] The output from the self-attention unit may be input into a Decoder unit 740. The decoder unit may include a
neural network (which may be referred to as an output neural network) and a Time distributed wrapper, as described
above. The neural network may be a BiLSTM neural network as in Figure 6. The decoder unit may decode the final
combined vector to generate a forecast from the dataset for the forecast location. Hence, the decoding unit may perform
the steps of training the neural network based on the determined time series sequence length to encode the final combined
vector, and inputting each hidden layer of the trained neural network into a time distributed dense layer to generate an
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output, the output from the time distributed dense layer being the forecast 750a, 750b. As above, the decoder unit may
consist of bi-directional LSTM models to forecast call data records (CDRs) of a central cell Cg at a time t+1 and t+2.
[0125] In an example where a repeat vector is used, the decoding unit may output multiple time-step forecasts (or
predictions). For example, a first output 750a may be a forecast containing call data records for the forecast location at a
time t+1. A second output 750b may be a forecast containing call data records for the forecast location at a time t+2.
[0126] The inventors evaluated the effectiveness of the neural network against other known methods for forecasting.
The inventors utilized two baseline models for comparison purposes. To ensure accurate reproduction of the baseline
results, the methodologies outlined in C. Zhang, H. Zhang, D. Yuan, and M. Zhang, "Citywide cellular traffic Prediction
based ondensely connected convolutional neural networks," IEEE Communications Letters, vol. 22, no. 8, pp. 1656-1659,
2018, and M. Mohseni, S. Nikan, and A. Shami, "Ai-based traffic forecasting in 5g network," in 2022 IEEE Canadian
Conference on Electrical and Computer Engineering (CCECE). IEEE, 2022, pp. 188-192were thoroughly reviewed and
the inventors followed the same experimental procedures. The subsequent sections provide further details on the
inventors’ approach.

[0127] Spatiotemporal baseline: An LSTM, RNN and Perceptron based model is considered (also represented by AR-
LSTM based model by Mohseni et al. The work reported in Mohseni et al, considered the model disclosed therein as a
baseline for spatiotemporal forecasting, to reproduce the finding by Mohseni et al, for evaluation purposes, the inventors
also used the same architecture and settings, during the entire experiment.

[0128] 2D-ConvLSTM: The 2D-ConvLSTM framework comprises four layers of 2D Convolutional LSTM and one 3D
convolutional layer. It takes input data with a shape of (24, 100, 100, 4) to perform multivariate analysis. To reproduces the
model 2D-ConvLSTM model, the inventors followed the settings outlined by Mohseni et al for all their experiments. The
inventors used the reproduced model with the Milan dataset to produce a ’like-for-like’ comparison. Each grid in the Milan
dataset consists of 1487 records after resampling over a one-hour period. In line with Mohseni et al, the authors allocated
70% (1040 records) of the dataset to the training set, 20% (298 records) to the validation set, and the remaining 10% (149
records) to the test set for each grid. Two separate experiments were conducted to demonstrate the effectiveness of the
system disclosed herein.

[0129] Experiment-1:1ncontrastto Mohsenietal, the inventors’ experimental setup involved training theirmodel on 80%
of the available data and testing it on the remaining 20%. To prevent overfitting and optimize model performance, the
inventors implemented early stopping based on Mean Absolute Error (MAE). The training progress was monitored, and
the process was halted if the MAE improvement was less than or equal to 0.01 for five consecutive epochs. The last saved
model was chosen as the final model. In this example, in the testing phase, the inventors employed a rolling-based
forecasting approach to evaluate the system disclosed herein against the baseline models. This involved using a sliding
window technique to forecast data for each day. Starting with a 5-time step history, the inventors predicted the nexttwo time
steps. The inventors then appended the forecasted data to the previous 3-time step history and repeated the process until
the entire 24-hour period was forecasted. The resulting forecasted data was stored separately. Finally, as Mohseni et al did
not explicitly discloses the method in which missing data was imputed, the inventors used the last 5 hours of the forecasted
data for day- 1 to fill in any gaps in the given 24-hour data for day-1. Using this modified data, the inventors proceeded to
forecast data for day-2 using the same sliding window approach. This process continued for subsequent days from 21st
December to 18t January, which constituted the test data, comprising 20% of the total timeframe.

TABLE I: Comparison of the normalized mean absolute error and mean execution time of our system when compared
against other baselines.

Traffic Model MAE Execution Time (Seconds)
Spatiotemporal baseline 0.685369 10.15
Internet 2D-ConvLSTM 0.353892 4419.16
Our System 0.099397 113.17*
Spatiotemporal baseline 0.161275 6.89
SMS 2D-ConvLSTM 0.096778 2821.77
Our System 0.069223 113.17*
Spatiotemporal baseline 0.102214 12.87
Call 2D-ConvLSTM 0.060268 3406.08
Our System 0.057391 113.17*

[0130] Experiment-2: The Inventors further tested the model disclosed herein in a second experiment. The inventors’
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model may employ a smaller input and output time step sizes of 5and 2 respectively in the multivariate setting. This allows it
to predict 2 output time steps by using 5 input time steps for any given cell and time. That is, the longest time series
sequence length may be split into training and test data. For example, as described in connection with Figure 5, the
inventors identified a longest time series sequence length as 7 hours. To assess the model’s performance, the inventors
selected all the time series sequences of length 7 from the 20% test data and used the initial 5 time steps as input for the
model. The model then generated multivariate outputs for the next two time steps. The inventors conducted this
experiment for both the November month data and the entire dataset. Initially, the data had 35% missing values. In
the next experiment, an additional 5% of data was randomly removed from the training set while maintaining the same time
step sizes asin the case of 35% missing data. After this adjustment, the coverage of the time series sequences identified by
the inventors for one month data was 49.78% (compared to 53.97% with 35% missing data), and for the entire dataset, it
was 48.31% (compared to 52.17% with 35% missing data). The inventors repeated this process three times and calculated
the average results. The outcomes of this experiment are summarized in Table II.

TABLE II: The table demonstrates the consistent forecasting effectiveness of the system across various cells and time

intervals.
Feature MAE for one-month data (Normalized) MAE for the entire data (Normalized)
35% missing data 40% missing data 35% missing data 40% missing data
Internet 0.037652 0.041003 0.043506 0.061931
SMS-IN 0.048186 0.049901 0.055074 0.070071
SMS-Out 0.028438 0.033719 0.031369 0.066181
Call-IN 0.029340 0.041859 0.031724 0.052913
Call-Out 0.021108 0.044917 0.022944 0.043971

[0131] Theinventors’ analysis of the results shows that the system developed by the inventors outperforms the existing
state-of-the-art based on the data presented in Table I. The inventors’ system may be multi-variate and the reported value
of 113.17* represents the time taken to load the model and forecast all five features (Internet, SMS-IN, SMS-Out, Call-IN,
and Call-Out). In line with Zhang et al, Mohseni et al, the inventors combined the forecasts for SMS-IN and SMS-Out to
SMS, and Call-IN and Call-Out to Call. Further, Table Il provides evidence of the effectiveness of the system disclosed
herein in forecasting results for any cell and time interval, with consistent results regardless of the specific time and cell.
However, the overall mean absolute error (MAE) score for the entire dataset is slightly lower. This could be due to the fact
thatthe last 20% of the dataset includes significant events and holidays, such as year-end celebrations and the New Year,
which were not present during the training phase. These results demonstrate that the system disclosed herein performs
well in a variety of settings and can effectively forecast multiple features simultaneously. Furthermore, the model has the
potential to be used in real-world applications where forecasting accuracy is crucial.

[0132] Inconclusion, the model disclosed herein introduces a novel approach for addressing missing data in multi-step,
multi-variate, and spatiotemporal time series forecasting without relying on data imputation techniques. Instead, the
inventors propose identifying LCCFS based time step sequences that frequently occur in the dataset. Additionally, in an
example the inventors’ leverage spatial and local features by analyzing the impact of changes in neighbouring cells on the
target cell using separate Bidirectional Long Short-Term Memory (BiLSTM) networks. By concatenating the BiLSTM
outputs and applying self-attention, the influence of neighbouring cells on the target cell was assessed. In an example, the
approach disclosed herein also incorporates a Repeat vector, BiLSTM network, and Time distributed dense layer for
achieving multi-step and multivariate forecasting.

[0133] Figure 8 shows another example 800 of a training flow of a neural network for accurate multi-variate time-series
forecasting. In this example more than one neural network model may be trained for forecasting input data. For example,
as shown, three models 810a, 810b, 810c may be trained using the input data 805 and the output of the models may be
combined 815 for forecasting. In this example, as before, the inventors used the Milan data set to train the neural network
models. Of course, any suitable dataset may be used.

[0134] Each of the models, model 1 810a, model 2, 810b, model 3 810c, may consists of the same, or substantially the
same architecture as the neural network model described in relation to Figure 4, 6 and 7 above. That s, each of the models
1-3 may be split into three notional modules and consists of Bi-LSTM layers, concatenation layers, repeat vectors, self-
attention layers, further Bi-LSTM layers and a timedistributed wrapper, as described above.

[0135] The three models may be trained in substantially the same way as the one neural network model described
above. However, for each of the three models, a different time-series sequence lengths may be used to train the model. For
example, as described above the longest common continuous frequent sequence algorithm may be used to determine a
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longesttime-series sequence length of the dataset. The longest time-series sequence length may be used to train model 1.
A shorter time-series sequence length may be determined. The shorter time-series length may be the next longest time
series sequence length determined using the LCCFS algorithm. The shorter time-series sequence length may then be
used to train model 2. A third longest time-series sequence length may be determined which then may be used to train
model 3.

[0136] Asdiscussedabove, the inventors determined that, in the Milan dataset, the longest time series sequence length
ofthe datasetwas 7 hours. The second highesttime series sequence length was 6 hours, and the third highest was 5 hours.
Of course, with a different dataset, the LCCFS algorithm may determine a different longest time-series sequence length.
As before, for the 7 hours sequence, the inventors used the initial five time series steps for training and the subsequent two
continuous sequences for forecasting. For the 6 hours, the first 4 sequences were used for training and the last 2 for
forecasting and forthe 5 hours the first 3 sequences were used for training and the last 2 for forecasting. In this example, the
inventors used the dataset to forecast the next 2 time series. Of course, if a different number of time-series is to be forecast
the time series sequence may be partitioned differently. That is, for example, if the model were to predict the next 3 time
series the longest time series in the example, 7 hours, may be partitioned to use the first 4 hours for training and the next 3
hours for forecasting.

[0137] Thus, in this example, a proposed method for training the model may be: inputting a dataset into the model for
training. The dataset may be input from a forecast location and one or more adjacent locations. In this example the dataset
comprises spatio-temporal characteristics of each location and multivariate data recorded at each location. The
spatiotemporal characteristics of the network coverage area may be input data such as cell location and time of day.
Furthermore, the input into the forecasting model may include historical call data records (CDRs) for various network
services (e.g., internet, calls, text messages) recorded at different timestamps.

[0138] In this example, the one or more adjacent locations comprised 8 adjacent cells, or nearest neighbours, to a
forecast location (or central cell). Hence, the model may take as an input the features of the central cell, CO, and the
adjacent cells (C1-C8) features. The inventors found by using the one or more adjacent locations along with the forecast
location, the forecast for the central location may be improved as the model takes into account the spatial influence of
adjacent cells on the central cell. For example, this may be achieved by combing the features of the central cell and
adjacent cells and processing them further through an attention layer. As a result, the forecast made for the central cell is
influence by the information from its adjacent cell.

[0139] Considering for each of models 1 810a, model 2 and model 3, a functional block which is the same, or
substantially the same the functional block diagram given in Figure 7 above, an encoder for each model may consist
of a bi-directional stack of LSTM networks that take in the CDRs (call data records) of the central cell and neighbouring
cells, along with the spatio-temporal characteristics. The features may be passed through a self-attention layer to form a
latent vector.

[0140] For each of the models, a decoder side of the model may have a sequence of bi-directional LSTM networks that
take in the latent representations to predict CDRs for the central cell (C0) at time t+1 and t+2.

[0141] Three encoder-decoder models may be trained to address missing data problems. For example, as discussed
above each model may be trained using a time series sequence length determined using a LCCFS algorithm. In this
example, each model accepts a sequence lengths of time series 3, 4, 5, calculated via the LCCFS algorithm. The inventors
found that the model trained using the longer time-series had more discriminative power to understand temporal
variations, while the model with time series length the shortest time series length (in this case a time-series length of
3 hours) had been trained on more samples to associate variable sequence patterns.

[0142] In the training phase the inventors combined the three models for generating a forecast from the input dataset.
The inventors took an ensemble 815 of the three models. For example, the ensemble may be a weighted average
ensemble determined using a grid search method. As an example, the grid search method used by the inventors gave a
weighting to model 1 0f 0.58, a weighting to model 2 or 0.26 and a weighting to model 3 of 0.13. Hence, the final time-series
predictions may be an ensemble of the three models, weighted accordingly. In the ensemble of models, the process of
performing model decision averaging may involve combing the predictions of multiple models by calculating the average of
their individual predictions.

[0143] In this example a system is proposed which leverages 5G spatiotemporal multivariate data with missing
information by employing a novel approach. The system uses three shorter time series sequences (with, in this example,
step lengths of 5, 4, and 3, (i.e., consecutive time-series) where these steps lengths are estimated via a LCCFS algorithm)
as input and a forecast step length of 2 as the output. The proposed system consists of three shallow graph-type neural
network architecture to learn patterns in the data, each focusing on specific time series sequence lengths. While the longer
sequences capture variation of patterns, they are less in number due to missing records. On the other hand, shorter
sequences are more in number and help to identify deviations or explore the depth of each feature. By incorporating an
ensemble-based mechanism, the system combines insights from multiple architectures to make accurate predictions and
provide forecasts for multiple variables and future time steps.

[0144] Inthis example the inventors trained three models using the three different length time series determined using
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an LCCFS algorithm. The inventors used the minimum odd number of models for ensembling as a design choice - trade off
between effective ensembling and minimal computation overhead. However, of course, a different number of models may
be trained using the time-series data. For example, one model, or two models or more may be used.

[0145] The inventors found the forecasting method encompassed a multipurpose method-capable of complex spa-
tiotemporal, multivariate and multistep time series forecasting for 5G traffic, resource requirements in both cases- (a) in the
case of a huge amount of missing data (e.g., 35% missing data) and (b) in a normal case (without any unsupervised data
imputation strategy. The inventors found that an effect of the proposed training method and system was that the need for
any supervised or unsupervised data imputation strategies were eliminated. Furthermore, the training method disclosed
herein showed a better accuracy with respect to traditional systems, and worked with the complex cases of missing data
and normal data (having no missing records).

[0146] The ensemble of models may be trained using, for example, a mean absolute error as the loss function. As
described above, the complete system may comprise three (identical models), trained on Bi-LSTM architecture, which
take sequences of varying lengths as input. The final output may be obtained by averaging these models using a weighted
ensemble.

[0147] Inthis example each of the models were separately trained using an input sequence length computed using the
LCCFS algorithm. In the training phase, each model is independently trained and optimized using mean absolute error
(MAE) as the loss function. The MAE loss function mas be defined by:

n

1 o
MAE = E2|Yi - Y| (16)

i=1

as before. Hence, during the training process of each model, the mean absolute error (MAE) may be determined by

o

calculating the average absolute difference between the predicted model outputs ( Yl )and the actual output values Y;for
each of the "i" training examples across a total of n training samples. The MAE loss that is computed may be back-
propagated and the weights of the model optimized through an ADAM based optimizer based on stochastic gradient
descent.

[0148] After the three models were optimized, the final weighted ensemble averaging may be computed for the final
prediction of the system, where the weights of the ensemble may be computed through a grid search. In this example, a
back propagation method using an ADAM optimizer was used to train each model, however, any backpropagation may be
used. Furthermore, each model was trained using backpropagation and then combined in an ensemble but of course these
steps may be switched such that an ensemble is determined then backpropagated.

[0149] Hence, the proposed system and method may automatically handle the data insufficient issues caused by
irregular or missing records in spatiotemporal, muti-step, multivariate, 5G forecasting for network resource partitioning,
and traffic forecasting. The system may address the missing data issue by using an ensemble of three shallow neural
network architectures. These networks take time series sequences of longer and shorter lengths capturing the variations
in time series data. The method overcomes the need of any data imputation techniques which often introduce a significant
amount of noise to the data.

[0150] Figure 9 shows aflow chart 900 for training an ensemble of models for forecasting, for example, the ensemble of
models discussed in connection with Figure 8 above. In aninput step S910, a dataset from the forecast location and one or
more adjacent locations may be input. The dataset may comprise spatio-temporal characteristics of each location and
multivariate data recorded at each location. For example, the inventors used the Milan dataset as described above.
[0151] Inastep S920, the dataset may be pre-processed by selecting the longest time-series sequence lengths to use
with the models. In this example, three models were trained on different sequence lengths, hence three sequence lengths
were determined from the data. A longest Common Continuous Frequent Sequence (LCCFS) algorithm was used to
identify the optimum time series step-size.

[0152] Instead of focusing on very-high step sizes (and imputing missing data, as in known teachings), the inventors
focused on smaller time-step sizes. By doing so, patterns for two different aspects of time-series data may be collected. For
this, the inventors applied strategies to select the three optimal time-step sizes.

[0153] Considering, for example, a dataset with 30%+ missing data, a step may involve trying to find any number
(representing the time-step size) which is near to (>30% of total time interval scale) and which captures the maximum
number (>50%) of the data records. A detailed description of the LCCFS method is given in connection with Figure 5.
[0154] A further step may involve identifying two continuous lower time-step size, which captures more than, a second
threshold of complete data records, for example the inventors used a 60% threshold of the records. In the Milan dataset,
the division of time steps as 24 hours for one day was considered and a 1 hour scale was used. In the case of the Milan
dataset a total of 30%+ data was missing.
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[0155] Basedontheaboverule,theinventorsidentified 7-hours as afirsttime series step size, which captures more than
50% of the total record counts. Then, 6-hours and 5 hours- were selected as the next two time series step-sizes (the next
longest time series step sizes which satisfied the above rules).

[0156] The inventors found the following benefits with the time-series step sizes selected using the above method. The
higher time-step length records capture the breadth of the time-series patterns while the lower time-step lengths records
(which are more numerous) capture the depths of the time-series patterns.

[0157] In the step S920 further preprocessing of the data may occur. For example, based on the three identified time
steps, the data may be organized into a format suitable for input into the forecasting model. In this step the dataset may be
prepared so that (each) central cell CO with the additional 6 features and the 8 neighbouring cells C1-C8 with the 5 features
each are prepared for all the sequence length. For example, each are prepared into a data feeding pipeline.

[0158] Inastep S930, the pre-processed data may be input into each of a model 1, amodel 2 and a model 3. Each of the
models may be the same or substantially the same as the models described in relation to Figure 8 above. Each model may
be trained on the same data but using a different time-series step size. For example, model 1 may be trained using the 7
hour series length, model 2 using the 6 hour series length and model 3 using the 5 hour series length.

[0159] Foreach of the three models, the training steps described in relation to Figures 4, 6 and 7 may be repeated using
the different time-series step sizes. Hence, for each of the models the steps of, training a forecast location neural network
and the one or more adjacent location neural networks, combining one or more adjacent location vectors into a combined
adjacent location vector, composing the forecast location vector and combined adjacent location vector into a final
combined vector and decoding the final combined vector to generate a forecast from the dataset for the forecast location,
may be repeated.

[0160] Inastep S940,anensemble ofthe three models may be taken. For example, aweighted average ensemble of the
system may be taken. The ensemble may be taken once the models have been trained. The models may be trained using,
for example, backpropagation. The weights may be determined using a grid search system. Of course, any method to
determine weights for the ensemble may be used. In the example using the Milan dataset, the inventors found that a
weights ensemble with the weightings for model 1 as 0.58, model 2 as 0.29 and model 3 as 0.13, produced optimum
forecasts. If another dataset was used, the weighting may of course be different. Furthermore, the inventors trained three
models and took an ensemble of the three models. However, the skilled person would understand that more or fewer than 3
models may be trained.

[0161] A step S950 shows a step with a trained neural network model (or system) comprising the three trained models,
with ensemble weights. Each of the three models, trained with different time-series step sizes, may be optimised using
backpropagation techniques such as an ADAM based optimizer based on stochastic gradient descent. As described in
connection with Figure 8, each of the three models’ architectures may comprise Bi-LSTM neural networks.

[0162] Figure 10 shows a test stage flow chart for a forecasting method comprising three neural network models, for
example the neural network models described in Figures 8 and 9. Although in this example a test stage is shown, the steps
may equally apply to animplementation stage. The test stage may differ from an implementation stage in that the test stage
may include a further step of comparing the forecasted data to test data and determining a mean absolute error.
[0163] Inaninputsteps1010,amethod forforecasting multivariate data in a forecastlocation in a network may comprise
inputting a dataset from the forecast location and one or more adjacent locations, the dataset comprising spatio-temporal
characteristics of each location and multivariate data recorded at each location.

[0164] The inputstep S1010 may further comprise providing a longest time-series sequence length of the dataset, the
time-series sequence length indicating a total length of consecutive time steps with complete data in the dataset, an
occurrence frequency of the longest time-series sequence lengths appearing in the dataset being higher than a threshold
number of the dataset. As before, the inventors used the Milan dataset and partitioned the timeseries data into 5 hours for
training and 2 hours for testing for the 7 hour time series, 4 hours and 2 hours for the 6 hour time series and 3 hours and 2
hours for the 5 hour time series.

[0165] Animplementation step S1020 may comprise using a pretrained forecast location neural network based on the
time series sequence length to encode the multivariate data from the forecast location into a forecast location vector, and
using, for each of the one or more adjacent locations, a pretrained adjacent location neural network based on the time
series sequence length to encode the multivariate data from each of the one or more adjacent locations each into an
adjacent location vector. Each of the pretrained models, model 1, model 2 and model 3 may use a different time series
sequency length. Although in this example three models are described, the skilled person would understand that more or
fewer than three models may be used. Thatis, a single pretrained model consisting of a pretrained forecast location neural
network and one or more pretrained adjacent location neural networks may be used, or two models, of four or five models,
for example.

[0166] The implementation step S1020 may further comprise, for each of the models 1, 2 and 3, combining the one or
more adjacent location vectors into a combined adjacent location vector and composing the forecast location vector and
combined adjacent location vector into a final combined vector. The skilled person would understand that in an example
with one adjacent location vectors, the combing step may involve transforming the one adjacent location into a final
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combined vector. For example, the combining step may comprise the steps of concatenating the one or more adjacent
location vectors into a concatenated location vector; and inputting the concatenated location vector into a sequence of two
multilayer perceptron layers, the output of a first multilayer perceptron layer being inputinto a second multilayer perceptron
layer. Hence, with one adjacent location, the combing step may comprise inputting the adjacent location vector into the
multilayer perceptron layers.

[0167] Inadecoding step S1030 the final combined vector may be decoded to generate a forecast from the dataset for
the forecast location. In an example for generating a forecast from multivariate data in a network, a forecast may be
generated foreach cell, or node, orlocation in that network. Thatis, each cellin that network may be assigned as the central
cell and a forecast generated for the cell using that cell’'s neighbouring (or adjacent cells). Hence, the method for
forecasting multivariate data in a forecast location in a network may comprise forecasting multivariate values for a given
time-steps for all grids (spatial units) in that network.

[0168] As described above, in relation to a single model, an MAE may also be calculated in the testing phase to
determine the accuracy of the model. The inventors also compared the accuracy of the ensemble of neural networks for
forecasting the multivariate data.

TABLE llI: Comparative Results - some nearest baselines (All averaged MAE)

Models MAE (Test) MAE (training)
1 Baseline Model [Ref-1] 0.39 N/A
2 FCSN [Ref-1] 0.29 N/A
3 1D-CNN [Ref-1] 0.29 N/A
4 SS -LSTM [Ref-1] 0.32 N/A
5 AR- LSTM [Ref-1] 0.32 N/A
6 Model disclosed herein 0.08984 0.03291

[0169] Table Il shows acomparison of the MAE of the model proposed by the inventors against known models in the art.
The known models are disclosed in Ref-1: Mohseni, M., Nikan, S., & Shami, A. (published on 2022, September). Al-based
Traffic Forecasting in 5G network. In 2022 IEEE Canadian Conference on Electrical and Computer Engineering (CCECE)
(pp. 188-192). IEEE.

[0170] As shown in Table lll, the training method and model proposed by the inventors had a much improved MAE (of
0.08984) compared with the methods known in the art. The inventors further compared their proposed model with
spatiotemporal baselines as shown in Table IV below. Across all of the Call data records (internet, SMS and Calls) the
inventors found the method disclosed herein generated a lower MAE than the methods known ion the art, and therefore
generated more accurate forecasts.

[0171] Inboth the proposed method and the methods known in the art, the Milan dataset was used. A total of 62 days of
datawas available. The datais divided into 1440 minutes of data per day for 10K grids (i.e., 10 thousand cells in a network).
So, the total size of the data is (62 X 1440 X 10000). The dataset contains a lot of missing data, and outliers. The current
data (used by the inventors) contained 35% missing data. The Ref-1 cited above used 80% of the starting data for training
and the next 20% of the data for testing. Hence, the inventors used the same partitioning of data in this example.

TABLE IV: Comparative results with Spatiotemporal Baselines.

Traffic | Model MAE Entire data | MAE - 1 month data (November- Month)
Internet | Spatiotemporal baseline (Used by Ref-1) | 1.02 N/A
2D-ConvLSTM (used by Ref-1) 0.53 N/A
System disclosed herein 0.211 0.0376521
SMS Spatiotemporal baseline (Used by Ref-1) | 0.24 N/A
2D-ConvLSTM (used by Ref-1) 0.14 N/A
System disclosed herein (Calculated as | 0.0814 SMS-IN (0.0481860)
average MAE of SMS-In (0.081), and SMS-OUT(0.0284381)
SMS-Out (0.0817)) AVG (0.0383120)
Call Spatiotemporal baseline (Used by Ref-1) | 0.15 N/A
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(continued)

Traffic | Model MAE Entire data | MAE - 1 month data (November- Month)
2D-ConvLSTM (used by Ref-1) 0.08 N/A
System disclosed herein (calculated as | 0.0377 Call-IN (0.0293402)
average MAE of Call-In (0.040) and Call- Call-Out (0.0241081)
Out (0.0355)) AVG (0.026724)

[0172] Figure 11 shows example forecasts generated using the forecasting method. In this example the forecasts were
generated using a weighted ensemble of three neural network models. The neural network models comprised BiLSTM
neural networks, as described above. The examples show entire predictions maps based on the proposed forecasting
model for the city of Milan. The examples show the difference in forecasting at 3am and 8pm for network services such as
internet, calls and text messages.

[0173] A comparison between predicted internet usage at 3am 1105 and predicted internet usage at 8pm 1110 is shown
in Figure 11. The figures show a visual representation of internet usage in the city of Milan. The key shows the number of
people using the internet for each location in the network at thattime. A person is deemed to be using the internet at the time
is the internet was used for more than 15 minutes or there was more than 5mb of internet usage. As illustrated in the figures,
there was a higher forecast internet usage at 8pm than at 3am.

[0174] Figure 11 also shows predicted voice call usage at 3am 1115, predicted voice call usage at 8pm 1120, predicted
text message usage at 3am 1125 and predicted text message usage at 8pm 1130. As with the internet usage figures, it is
evident that the predicted usage is higher at 8pm than at 3am. The key for the predicted voice call usage shows number of
calls during that hour and the key for the predicted text message usage shows number of text message send (and/or
received) during that hour. As discussed previously, the inventors used normalised values for the call data records when
training the neural networks. Thus, to retrieve absolute values for each data record, the inventors assumed an average
population density in each location and multiplied the normalised value by the average density.

[0175] The forecast generated using the methods described herein may be used in multiple application areas.
Application areas concerning the potential use of the proposed robust forecasting model and source of missing data
in each of such applications are described in detail below.

[0176] Predictive maintenance: In 5G networks, equipment and infrastructure require continuous monitoring to identify
potential faults or failures. Multivariate time series forecast can be built to identify areas where the network service can
potentially breakdown resulting in complete network outage or failure. The forecast data in this case typically consist of
information related to sensor readings, network performance metrics, and other quality of service parameters. Here
missing data records can result from faulty sensors, intermittent connectivity, or device malfunctions.

[0177] Network performance analysis: As modern networks generate vast amounts of multivariate time series data
related to network performance metrics such as signal strength, latency, throughput, and quality of service. Forecasting
models may be employed to identify network performance bottlenecks or may be utilized to effectively optimize the
network infrastructure. The type of data that are involved in forecast models includes various network performance metrics
such as signal strength, latency, throughput, and quality of service. Missing data can occur due to network congestion,
signal interference, or technical issues.

[0178] Resource management and optimization: Efficient resource management is essential in 5G network to ensure
optimal utilization of network resources, such as bandwidth allocation including network slicing, frequency allocation, and
power control. The forecasted data consist of various network service usage features such as internet usage, voice
call/text messaging traffic or data such as net power usage in each network grid. Multi-variate time series data with spatial
information is collected to monitor resource usage and network capacity. An efficient forecasting system may be utilized to
plan such resource management. The reason more missing records are manifold in this case, including network
monitoring and measurement issues, sensor instrumentation failures, data transmission and communication errors,
sampling and reporting processes, data preprocessing and filtering techniques, as well as due to privacy and security
reasons (intentional masking of data). Thus, a forecast generated using the method disclosed herein may automatically
bring more cells or nodes into action in a network during busy or high demand periods or turn cells or nodes off during quiet
periods.

[0179] Userexperience management: Ensuring a high-quality user experience is a critical objective in modern networks
like 5G. Multi-variate time series forecasting can be used to avoid deterioration in user experience metrics such as data
rate, signal coverage, and call quality. Due to user mobility, network handovers, or temporary signal loss can resultin data
to be missed in record.

[0180] Network security and anomaly detection: communication networks face security threats and vulnerabilities that
require continuous monitoring. Multivariate time series data with spatial information can be analysed to detect network
anomalies, abnormal traffic patterns, or potential security breaches. Missing data can occur in such applications due to
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network attacks, packet loss, or data filtering mechanisms.

[0181] Figure 12 shows a graphical userinterface (GUI) 1200 which a user may interact with to generate a forecast fora
forecast location. A user may interact with the GUI to specify a desired date for forecasting. For example, the GUI may
present the user with a user panel comprising an input text box 1205 which a user may enter the date. Furthermore, the
user may select a time of day for the forecast from a dropdown box 1210. As shown in the figure, the time of day may be
given in hour intervals (20:00:00 is shown in Figure 12). As the forecasting model was trained on a time series sequence
consisting of 1 hour steps, the model may forecast in 1 hour intervals. However, the skilled person would understand that
the model may be trained on different time steps and therefore forecast in other time steps, such as 10 minutes forecasts or
30 minutes forecasts or 2 hours and so on. Furthermore, the model may interpolate the data to generate forecasts at any
time.

[0182] AsshowninFigure 12,ausermay also selectafeature they desire to be forecastfrom afeature menu 1215. In this
example, the model was trained on multivariate data from the Milan dataset and hence the available features are Internet,
calls incoming, calls outgoing, text incoming and text outgoing. Of course, if a different dataset were to be used the
selectable features may be different.

[0183] A user may enter their selection of the date, time and feature by clicking a select button 1220. The select button
may instruct the model to generate a forecast for the entered features. In this example, calls incoming has been selected
and a callincoming forecast 1225 has been generated. The GUI may also generate a key for the forecast. For example, the
key may show the number of data records of calls incoming. In this example, the key ranges from 0 calls to over 600 calls for
each forecast location. Each pixel in the forecast may represent a different forecast location and hence may be assigned a
different colour shown in the key. The inventors used normalised values for each feature in the multivariate data to train the
model(s). Hence, to obtain the absolute values shown in the key, the inventors assumed an average population density at
each forecast location and multiplied the forecast value for each location by the average density. If absolute values were
used to train the models, then there may not be a need to multiply by the average density.

[0184] Each ofthe pixels inthe generated forecast may represent a forecast location. Thatis, the GUI for the forecasting
system may allow a user to input a data and time for the forecast and the entire forecast for, in this example, the city of Milan
may then be displayed. A user may hover over or click on a pixel in the forecast and a pop-up information box 1235 may
display forecast information for that pixel (or location). In this example, 5G network usage in Milan is shown. Hence, each
pixel represents the network coverage area of a single cell in the network. The pop-up box may present the user with the
cell ID (shown as Cell 7408 in Figure 12), the cells Latitude (45.511322), the cells longitude (9.032584), the cells internet
usage (1298), the cells calls incoming (175), the cells calls outgoing (188), the cells text incoming (79) and the cells text
outgoing (78). In this example, a 5G network is considered but, of course, if a different network or systemis used the pop-up
box may contain different features. That is, instead of a cell ID, a node ID may be displayed, for example.

[0185] The GUI may include additional buttons 1240 a user may interact with. For example, starting from left to right, the
additional buttons may include: a camera button which downloads the forecast image, as for example, a PNG image; a
magnifying button which zooms in on the forecast to a present zoom level, a panning button which allows the users to pan
around the image, a plus button which allows the user to further zoom on the image, a minus button which allows the user to
zoom out of the image, a scale button which auto scales the forecastimage and a home button which restores the original
forecast image. The GUI may also have a share button 1245 which allows a user to share the forecast with other users.
[0186] Figure 13isablock diagram of aninformation processing apparatus 1300 or a computing device 1300, suchasa
data storage server, which embodies the present invention, and which may be used to implement some or all of the
operations of a method embodying the present invention, and perform some or all of the tasks of apparatus of an
embodiment. The computing device 1300 may be used to implement any of the method steps described above, e.g. any of
steps S10-S70 or S910 - S950 or S1010-S1030 for example.

[0187] The computing device 1300 comprises a processor 1303 and memory 1304. Optionally, the computing device
also includes a network interface 1307 for communication with other such computing devices, for example with other
computing devices of invention embodiments. Optionally, the computing device also includes one or more input
mechanisms such as keyboard and mouse 1306, and a display unit such as one or more monitors 1305. These elements
may facilitate user interaction. The components are connectable to one another via a bus 1302.

[0188] The memory 1304 may include a computer readable medium, which term may refer to a single medium or
multiple media (e.g., a centralized or distributed database and/or associated caches and servers) configured to carry
computer-executable instructions. Computer-executable instructions may include, for example, instructions and data
accessible by and causing a computer (e.g., one or more processors) to perform one or more functions or operations. For
example, the computer-executable instructions may include those instructions for implementing a method disclosed
herein, or any method steps disclosed herein, for example any of steps S10-S70. Thus, the term "computer-readable
storage medium" may also include any medium that is capable of storing, encoding or carrying a set of instructions for
execution by the machine and that cause the machine to perform any one or more of the method steps of the present
disclosure. The term "computer-readable storage medium" may accordingly be taken to include, but not be limited to, solid-
state memories, optical media and magnetic media. By way of example, and notlimitation, such computer-readable media
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may include non-transitory computer-readable storage media, including Random Access Memory (RAM), Read-Only
Memory (ROM), Electrically Erasable Programmable Read-Only Memory (EEPROM), Compact Disc Read-Only Memory
(CD-ROM) or other optical disk storage, magnetic disk storage or other magnetic storage devices, flash memory devices
(e.g., solid state memory devices).

[0189] The processor 1303 is configured to control the computing device and execute processing operations, for
example executing computer program code stored in the memory 1304 to implement any of the method steps described
herein. The memory 1304 stores data being read and written by the processor 1303 and may store at least one neural
network model and/or at least one encoder and/or at least one decoder unit and/or other data, described above, and/or
programs for executing any of the method steps described above. These entities may be in the form of code blocks which
are called when required and executed in a processor.

[0190] As referred to herein, a processor may include one or more general-purpose processing devices such as a
microprocessor, central processing unit, or the like. The processor may include a complex instruction set computing
(CISC) microprocessor, reduced instruction set computing (RISC) microprocessor, very long instruction word (VLIW)
microprocessor, or a processor implementing other instruction sets or processors implementing a combination of
instruction sets. The processor may also include one or more special-purpose processing devices such as an application
specific integrated circuit (ASIC), a field programmable gate array (FPGA), a digital signal processor (DSP), network
processor, or the like. In one or more embodiments, a processor is configured to execute instructions for performing the
operations and operations discussed herein. The processor 1303 may be considered to comprise any of the units
described above. Any operations described as being implemented by a unit may be implemented as a method by a
computer and e.g. by the processor 1303.

[0191] For training the model described herein, the inventors used 1 Nvidia A30 GPU with 24GB RAM. The processor
used was an Intell Xeonl Silver 4314 CPU with 256GB RAM. Inferences were performed on the same system. The
inventors also successfully tested the model in a CPU based system with Intell Corel i5 processor with at least 32GB RAM,
preferably with 16GB GPU for accelerated training/testing. The inventors found that a recommended minimum hardware
requirements for the system disclosed herein for training/testing may require an intel i5 processor with at least 32GB RAM,
preferably with 16GB GPU for accelerated training/testing.

[0192] The display unit 1305 may display a representation of data stored and/or generated by the computing device,
such as a generated image and/or GUI windows (such as the GUI shown in Figure 12) and/or interactive representations
enabling a user to interact with the apparatus 1300 by e.g. selection interaction, input text boxes, and/or any other output
described above, and may also display a cursor and dialog boxes and screens enabling interaction between a userand the
programs and data stored on the computing device. The input mechanisms 1306 may enable a user to input data and
instructions to the computing device, such as enabling a user to input any user input described above. For example, the
display unitmay display a GUl including a User panel for the user to interact with as described herein. The usermay selecta
date for a forecast along with a forecast hour and a feature. The user may interact with the GUl and display to generate and
view a forecast for a network.

[0193] The networkinterface (network I/F) 1307 may be connected to a network, such as the Internet, and is connectable
to other such computing devices via the network. The network I/F 1307 may control data input/output from/to other
apparatus via the network. Other peripheral devices such as microphone, speakers, printer, power supply unit, fan, case,
scanner, trackerball etc may be included in the computing device.

[0194] Methods embodying the present invention may be carried out on a computing device/apparatus 1300 such as
thatillustrated in Figure 13. Such a computing device need not have every component illustrated in Figure 13 and may be
composed of a subset of those components. For example, the apparatus 1300 may comprise the processor 1303 and the
memory 1304 connected to the processor 1303. Or the apparatus 1300 may comprise the processor 1303, the memory
1304 connected to the processor 1303, and the display 1305. A method embodying the present invention may be carried
out by a single computing device in communication with one or more data storage servers via a network. The computing
device may be a data storage itself storing at least a portion of the data.

[0195] A method embodying the present invention may be carried out by a plurality of computing devices operating in
cooperation with one another. One or more of the plurality of computing devices may be a data storage server storing at
least a portion of the data. For example, the neural network model(s) or forecasting model may be stored on a separate
server from other units.

[0196] The invention may be implemented in digital electronic circuitry, or in computer hardware, firmware, software, or
in combinations of them. The invention may be implemented as a computer program or computer program product, i.e., a
computer program tangibly embodied in a non-transitory information carrier, e.g., in amachine-readable storage device, or
in a propagated signal, for execution by, or to control the operation of, one or more hardware modules.

[0197] A computer program may be in the form of a stand-alone program, a computer program portion or more than one
computer program and may be written in any form of programming language, including compiled or interpreted languages,
and it may be deployed in any form, including as a stand-alone program or as a module, component, subroutine, or other
unit suitable for use in a data processing environment. A computer program may be deployed to be executed on one
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module or on multiple modules at one site or distributed across multiple sites and interconnected by a communication
network.

[0198] The system described herein was developed in the python programming language with Keras API (tensorflow
backend). Additional libraries in python were also used such as pandas, NumPy, seaborn and plotly for data handling and
visualizations. Of course, any suitable programming langue may be used.

[0199] Method steps of the invention may be performed by one or more programmable processors executing a
computer program to perform functions of the invention by operating on input data and generating output. Apparatus
of the invention may be implemented as programmed hardware or as special purpose logic circuitry, including e.g., an
FPGA (field programmable gate array) or an ASIC (application-specific integrated circuit).

[0200] Processors suitable for the execution of a computer program include, by way of example, both general and
special purpose microprocessors, and any one or more processors of any kind of digital computer. Generally, a processor
will receive instructions and data from a read-only memory or a random-access memory or both.

[0201] The essential elements of a computer are a processor for executing instructions coupled to one or more memory
devices for storing instructions and data.

[0202] The above-described embodiments of the present invention may advantageously be used independently of any
other of the embodiments or in any feasible combination with one or more others of the embodiments.

Claims

1. A computer-implemented method for training a neural network to forecast multivariate data in a forecast location in a
network comprising:

inputting a dataset from the forecast location and one or more adjacent locations, the dataset comprising spatio-
temporal characteristics of each location and multivariate data recorded at each location;

determining a longest time-series sequence length of the dataset for which an occurrence frequency of the
longest time-series sequence length appearing in the dataset is higher than a threshold number of the dataset, a
time-series sequence length indicating a total length of consecutive time steps with complete data in the dataset;
training a forecast location neural network based on the determined longest time-series sequence length to
encode the multivariate data from the forecast location into a forecast location vector;

training for each of the one or more adjacent locations an adjacent location neural network based on the
determined longest time-series sequence length to encode the multivariate data from each of the one or more
adjacent locations each into an adjacent location vector;

combining the one or more adjacent location vectors into a combined adjacent location vector;

composing the forecast location vector and combined adjacent location vector into a final combined vector;
decoding the final combined vector to generate a forecast from the dataset for the forecast location.

2. The method according to any preceding claim, wherein the method further comprises:

determining one or more shorter time-series sequence lengths of the dataset with respect to the longest time-
series sequence length;

repeating, for the one or more shorter time-series lengths, the steps of training the forecast location neural
network and the one or more adjacent location neural networks, combining into a combined adjacent location
vector, composing into a final combined vector, decoding to generate a forecast; and

once the neural networks are trained, determining an ensemble of the generated forecasts for each of the longest
time-series sequence length and the one or more shorter time-series lengths, to generate a final forecast for the
forecast location.

3. The method according to any preceding claim, wherein the network comprises a plurality of adjacent locations, and
wherein combining one or more adjacent location vectors into a combined adjacent location vector comprises:

concatenating the adjacent location vectors into a concatenated location vector; and
inputting the concatenated location vector into a sequence of two multilayer perceptron layers, the output of a first
multilayer perceptron layer being input into a second multilayer perceptron layer.

4. The method according to any preceding claim, wherein the composing the forecast location vector and combined

adjacent location vector into the final combined vector comprises:
concatenating the forecast location vector and combined adjacent location vectors into a final latent vector.

25



10

15

20

25

30

35

40

45

50

55

10.

1.

12,

EP 4 560 532 A1

The method according to claim 4, wherein the composing further comprises:
inputting the final latent vector into a self-attention mechanism and determining as an output the final combined vector.

The method according to any preceding claim, wherein decoding the final combined vector to generate a forecast from
the dataset for the forecast location comprises:

training an output neural network based on the determined time series sequence length to encode the final
combined vector; and

inputting hidden layers of the trained output neural network into a time distributed dense layer to generate an
output, wherein the output from the time distributed dense layer is the forecast.

The method according to any preceding claim, wherein the longest time-series sequence length of the dataset is
determined using a longest common continuous frequent sequences algorithm, LCCFS, the LCCFS algorithm
comprising:

determining a number of data records in the dataset with complete data, a data record comprising multivariate
data recorded at each location at each time step in the dataset;

setting the threshold number from the complete data in the dataset, wherein the threshold number is preferably
set as 50% of the complete data in the dataset;

determining length and occurrence frequency for each continuous common sequence in the multivariate data, the
length being a number of complete consecutive multivariate data in the dataset and the occurrence frequency
being a number of times the continuous common sequence occurs in the dataset;

setting the continuous common sequence in the multivariate data with an occurrence frequency above the
threshold value as the longest time-series sequence length.

The method according to any preceding claim, wherein the final combined vector is replicated using a repeat vector
unit and each replicated final combined vector is decoded to generate a forecast at a different time point.

The method according to any preceding claim, wherein the forecast neural network and/or each adjacent location
neural network is a Bidirectional long short term memory, BiLSTM, neural networks.

The method according to any preceding claim, wherein the dataset is data from a telecommunications network,
preferably a 5G network and further preferably wherein the dataset comprises one or more of: a cellular site identifier,
CelllD; Date-time; incoming SMS count, Smsin; outgoing SMS count, SmsOut; incoming call count, Callln; outgoing
call count, CallOut, and internet activity, internet; and optionally wherein the dataset further comprises: a day of the
observation; time of the day; an indicator variable whether its a working hour; a holiday indicator; a weekday indicator,
and a further cell ID.

A computer program which, when run on a computer, causes the computer to carry out a method for training a neural
network to forecast multivariate data in a forecast location in a network comprising:

inputting a dataset from the forecast location and one or more adjacent locations, the dataset comprising spatio-
temporal characteristics of each location and multivariate data recorded at each location;

determining a longest time-series sequence length of the dataset for which an occurrence frequency of the
longest time series sequence length appearing in the dataset is higher than a threshold number of the dataset, a
time-series sequence length indicating a total length of consecutive time steps with complete data in the dataset;
training a forecast location neural network based on the determined longest time-series sequence length to
encode the multivariate data from the forecast location into a forecast location vector;

training for each of the one or more adjacent locations an adjacent location neural network based on the
determined longest time-series sequence length to encode the multivariate data from each of the one or more
adjacent locations each into an adjacent location vector;

combining the one or more adjacent location vectors into a combined adjacent location vector;

composing the forecast location vector and combined adjacent location vector into a final combined vector;
decoding the final combined vector to generate a forecast from the dataset for the forecast location.

An information processing apparatus for training a neural network to forecast multivariate data in a forecast location in
a network comprising a memory and a processor connected to the memory, wherein the processor is configured to:
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input a dataset from the forecast location and one or more adjacent locations, the dataset comprising spatio-
temporal characteristics of each location and multivariate data recorded at each location;

determine alongest time-series sequence length of the dataset for which an occurrence frequency of the longest
time-series sequence length appearing in the dataset is higher than a threshold number of the dataset, a time-
series sequence length indicating a total length of consecutive time steps with complete data in the dataset;
train a forecast location neural network based on the determined longest time-series sequence length to encode
the multivariate data from the forecast location into a forecast location vector;

train for each of the one or more adjacent locations an adjacent location neural network based on the determined
longest time-series sequence length to encode the multivariate data from each of the one or more adjacent
locations each into an adjacent location vector;

combine the one or more adjacent location vectors into a combined adjacent location vector;

compose the forecast location vector and combined adjacent location vector into a final combined vector;
decode the final combined vector to generate a forecast from the dataset for the forecast location.

13. A computer-implemented method for forecasting multivariate data in a forecast location in a network comprising:

14.

15.

inputting a dataset from the forecast location and one or more adjacent locations, the dataset comprising spatio-
temporal characteristics of each location and multivariate data recorded at each location;

providing a longest time-series sequence length of the dataset for which an occurrence frequency of the longest
time-series sequence length appearing in the dataset is higher than a threshold number of the dataset, a time-
series sequence length indicating a total length of consecutive time steps with complete data in the dataset;
using a pretrained forecast location neural network based on the longest time-series sequence length to encode
the multivariate data from the forecast location into a forecast location vector;

using for each of the one or more adjacent locations a pretrained adjacent location neural network based on the
longest time-series sequence length to encode the multivariate data from each of the one or more adjacent
locations each into an adjacent location vector;

combining the one or more adjacent location vectors into a combined adjacent location vector;

composing the forecast location vector and combined adjacent location vector into a final combined vector;
decoding the final combined vector to generate a forecast from the dataset for the forecast location.

The method according to claim 13, wherein the dataset is data from a telecommunications network, preferably a 5G
network, and further preferably wherein the dataset comprises one or more of: a cellular site identifier, CelllD; Date-
time; incoming SMS count, Smsin; outgoing SMS count, SmsOut; incoming call count, Callln; outgoing call count,
CallOut, and internet activity, internet; and optionally wherein the dataset further comprises one or more of: aday of the
observation; time of the day; an indicator variable whether its a working hour; a holiday indicator; a weekday indicator,
and a further cell ID, and

wherein the forecast is used to activate/deactivate network resources and

preferably wherein when the forecast shows higher network demand, more network resources are made
available to handle extra load; and

when the forecast shows a lower network demand, network resources are taken offline.

The method according to claim 13 or 14, wherein the generated forecast is output on a graphical user interface, and
preferably wherein the forecast is output as a forecast map.

27



EP 4 560 532 A1

l Ol

Je pajeey 0cl
A SUEIpa| B} B LR E@.ago PE/\JON @ LCIABSI0 PEA ] B
o\%m @Smﬁ o\&.. io\xmﬁ ﬂo\wﬁ ] .no\é ] N.m_:. 0
SSSION PapPY m mw mw mw m | mm m mmmm \ mm m mmmg 00
I\ Asenbiuos) uogenduwy | m o m N e m i 00 W

I o} enp pappe Aque 1 d J .

8% i AsioN ING) anen Buissiw m mm mw W @O.o

0 d ! leum eepajeduo) “ 2 800

sjopow Bugsedaioy | - et SEE e 4} 10 W

.Em:m§__mm.mmupmt__.w>.mw_\m,_ S yoeap00l 9z 10 sadues g bune ¢lo

g Ivinrebeieny soueuinyied uojenduwl eeq 710
sanbiuyos) ucenau e .
Gt RO EEp Gy T PO 0 R el I |
pre pue egep Busau oy Axoud sy O SRl o8 "
a4} 1ou QB Sy Bp 9SaL) Y poduaomds !
@ . Pue eiep fussu U g g dais ul “ delsHnpy !
LBIDOIN o || <P 28 SR WP ] ergndy | oeuepyw
co_ﬁ_o%mms“ ”m PleA G 0 0 I 6 %S /8900 /81000 S/8900 LW/Z00 L 00B06IE e §
uopensssqo PEADRN z | PEM ¥ 0 0 kK 8 656109 6ClelB0 €16900 60500 L 00B06IOCLIAL ¥
uonenssqO pleAlse] | PR G 0 0 K 1L Z9EI00  G/G100  viSPLO0 8eSCR00 L 0006101k €
. senbuuyoa] | P G 0 0 k& 9 €S9 so19200 /821000 €600 | 0090610 ¢
uoggnduw elec] pesiadnsun | PEAUL G 0 0 Wk & /30%9 #0200 29910 9658610 | 00060 L
pEAU G 0 0 1 v 68669¢°8 Z60p00 G900 1289900 | 00v06l0ciiie 0
\\ olesunco feppavs Aepiousifep pod  pwe o URd  Jnosws  USWS (8D SWaRpYepd
001 | POUELL STOnEld]

oLl

28



EP 4 560 532 A1

D eep
Buues|
PoReE

SOSION pP8ppY

nbiuyos; uogepndul
o} enp pappe Ague
ASION 1nq)) enjen Buissiw

e Lpim ejep ajejdwio)

B N ®
0

%E %G

-
K
]
B
[

oea 0}, 525 Jo SALES () %0
bupe) Aq viAreleiny soueLIgie LoRndw] Beq

. . ‘sonbiuyoal assuy m mﬁvgﬁ@ggé m
NIVONIOD Z [senbiuyoe} uoneindwi woyy Buiynsau ejep pasinboe 1 EIE(] P00y I
NIVO 'L | ewousnpeeiouss  movsodcoupwonmy | sEpaules |
wwpﬁqic—m_oh._r - elep buissin m%c_ccom.y_rw:wwa&_ﬁEmn_ _@ ﬁ%ﬂm "
BP0 PRNVNG gequdy i GBUEANW m
pleAG 0 0 12 6 ¢S %00 /B0 /8x0 L0 | 00606IEHZ S
PRAUL 17 0 0 kK 8 656109 6212160 £183200 605400 L 00806 LI ¥
PeAlG 0 0k |/ CEI00 /G100 warlo0 &S00 L 00/06LLES €
PG 0 12 9 €I12S9 %00 /000 6526800 | 00906I0EHHE 7
PEA G 0 0 k & /8%9 IWEe00 OO0 9698410 | 00906l tile L
PIEAUL G 0 0 ¢ ¥ 6£669€8 706800 G/0900 128900 | 00v06lziAe 0
gdes wnoo fepreavs) Aepioust Aep pod Jewelu] nojed uged  Josws  USWS Q8D SWIEED Xepu

¢ POURLL Soreld

29



Previous method 3

EP 4 560 532 A1

Predictions

30

Single-Shot LSTM Network

Reled art

FIG. 3



EP 4 560 532 A1

400

/

inputting a dataset from the forecast location and one or more adjacent
locations, the dataset comprising spatio-temporal characteristics of each
location and multivariate data recorded at each location
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determining a longest time-series sequence length of the dataset for
which an occurrence frequency of the longest time-series sequence
length appearing in the dataset is higher than a threshold number of the
dataset, a time-series sequence length indicating a total length of
consecutive time steps with complete data in the dataset

l

training a forecast location neural network based on the determined
longest time series sequence length to encode the multivanate data
from the forecast location into a forecast location vector

\ S30

!

training for each of the one or more adjacent locations an adjacent
location neural network based on the determined longest time series
sequence length to encode the multivariate data from each of the one
or more adjacent locations each into an adjacent location vector

!

combining the one or more adjacent location vectors into a combined
adjacent location vector

|

composing the forecast location vector and combined adjacent location
vector into a final combined vector

|

decoding the final combined vector to generate a forecast from the dataset
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determining a number of data records in the dataset with complete data, a
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time step in the dataset

|
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setting the threshold number from the complete data in the dataset,
wherein the threshold number is preferably set as 50% of the complete
data in the dataset:
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\S’I’IO

determining length and occurrence frequency for each continuous
common sequence in the multivariate data, the length being a number of
complete consecutive multivariate data in the dataset and the occurrence
frequency being a number of times the continuous common sequence
occurs in the dataset;
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l

setting the continuous common sequence in the multivariate data with an
occurrence frequency above the threshold value as the longest time-series
sequence length.
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